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Ces dernières années, des travaux importants ont été observés dans le développement du 
contrôle prothétique afin d'aider les personnes amputées du membre supérieur à améliorer leur 
qualité de vie au quotidien. Certaines prothèses myoélectriques modernes des membres 
supérieurs disponibles dans le commerce ont de nombreux degrés de liberté et nécessitent de 
nombreux signaux de contrôle pour réaliser plusieurs tâches fréquemment utilisées dans la vie 
quotidienne. Pour obtenir plusieurs signaux de contrôle, de nombreux muscles sont requis mais 
pour les personnes ayant subi une amputation du membre supérieur, le nombre de muscles 
disponibles est plus ou moins réduit selon le niveau de l’amputation. Pour accroître le nombre 
de signaux de contrôle, nous nous sommes intéressés au biceps brachial, vu qu’anatomiquement 
il est formé de 2 chefs et que de la présence de compartiments a été observée sur sa face interne. 
Physiologiquement, il a été trouvé que les unités motrices du biceps sont activées à différents 
endroits du muscle lors de la production de diverses tâches fonctionnelles. De plus, il semblerait 
que le système nerveux central puisse se servir de la synergie musculaire pour arriver à 
facilement produire plusieurs mouvements. Dans un premier temps on a donc identifié que la 
synergie musculaire était présente chez le biceps de sujets normaux et on a montré que les 
caractéristiques de cette synergie permettaient d’identifier la posture statique de la main lorsque 
les signaux du biceps avaient été enregistrés. Dans un deuxième temps, on a réussi à démontrer 
qu’il était possible, dans un cube présenté sur écran, à contrôler la position d’une sphère en vue 
d’atteindre diverses cibles en utilisant la synergie musculaire du biceps. Les techniques de 
classification utilisées pourraient servir à faciliter le contrôle des prothèses myoélectriques. 
Mots-clés: membre supérieur, prothèses myoélectriques, biceps brachial, cube virtuel, 




In recent years, important work has been done in the development of prosthetic control 
to help upper limb amputees improve their quality of life on a daily basis. Some modern 
commercially available upper limb myoelectric prostheses have many degrees of freedom and 
require many control signals to perform several tasks commonly used in everyday life. To obtain 
several control signals, many muscles are required, but for people with upper limb amputation, 
the number of muscles available is more or less reduced, depending on the level of amputation. 
To increase the number of control signals, we were interested in the biceps brachii, since it is 
anatomically composed of 2 heads and the presence of compartments was observed on its 
internal face. Physiologically, it has been found that the motor units of the biceps are activated 
at different places of the muscle during production of various functional tasks. In addition, it 
appears that the central nervous system can use muscle synergy to easily produce multiple 
movements. In this research, muscle synergy was first identified to be present in the biceps of 
normal subjects, and it was shown that the characteristics of this synergy allowed the 
identification of static posture of the hand when the biceps signals had been recorded. In a 
second investigation, we demonstrated that it was possible in a virtual cube presented on a screen 
to control online the position of a sphere to reach various targets by using muscle synergy of the 
biceps. Classification techniques have been used to improve the classification of muscular 
synergy features, and these classification techniques can be integrated with control algorithm 
that produces dynamic movement of myoelectric prostheses to facilitate the training of 
prosthetic control. 
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Following an upper limb amputation, myoelectric controlled prostheses are commonly 
used by upper limb amputee persons to remediate their incapacity to produce important 
movements in their daily activities. With technological advancements, new prostheses have 
many degrees of freedom (DoF), and many surface electromyography (sEMG) signals are 
needed to use them at their full functional potential. 
1.1. Background 
The first myoelectric prosthesis was developed in 1960s by the Russians (Sherman, 
1964). The prosthesis had a single function: open and close the hand that was realized by 
contracting 2 different muscles. Nowadays, modern myoelectric prostheses having many DoFs 
require many control signals to fully benefit from their potential. While for normal subjects, the 
available muscles to provide sEMG signals are abundant, the situation is different after an upper 
limb amputation, which could have reduced significantly the number of available sites to 
generate sEMG signals. With this challenging problem, the method presented in this research is 
to use surface electrodes positioned across the biceps brachii (BB) muscle of normal subjects 
and to experiment on whether muscle synergy as neural control signal can be extracted with a 
non-negative matrix factorization (NMF) algorithm (Lee and Seung, 2001) while the subjects 
place their upper limbs at different static postures. The BB muscle is used because it is involved 
in the shoulder stabilization, elbow flexion, and forearm supination, and on its inner surface up 
to 6 individually innervated compartments were observed (Segal, 1992). 
 
2 
Two research questions 
1) From a single muscle such as the BB, is it possible to extract muscular synergy? 
2) Could features of the muscular synergy of the biceps be used to control the 
movement of a small sphere within a cube presented on a screen? 
To answer these questions, we initially used a database of sEMG signals from the BB 
muscle of 10 healthy subjects previously set up by Nejat (2012). With those signals, we wanted 
to verify if muscular synergy was present in the biceps. Then, an experimental protocol was 
designed to evaluate if features of the muscular synergy of the biceps could be used to control 
the displacement of a small sphere in a virtual cube presented on a screen. 
1.2. Hypotheses and objectives 
Hypothesis #1 
Physiological evidence from animals and humans suggested that central nervous system 
(CNS) could use muscle synergy to simplify its control of task-oriented body movements. The 
simplification is achieved through the simultaneous activation of a group of muscles working 
together to produce a movement. Due to its 6 individually innervated compartments and its 
multifunctional role in the upper limb, the BB can be considered as muscles within a muscle. 
This leads to the hypothesis that muscle synergy could be extracted from this single muscle to 
provide multiple control signals. To test the hypothesis, the verifiable criterion is that 
recognizable patterns should be obtained from features of muscle synergy extracted from 




The first objective is to determine whether muscle synergy exists in the multifunctional 
biceps muscle. To achieve this objective, literature review is to be conducted to determine 
conventional methods for muscle synergy extraction from muscle activities. Critical review of 
literature should lead to the synthesis of theoretical method to determine the existence of muscle 
synergy from single muscle. The method is then used to demonstrate the extraction of muscle 
synergy from biceps muscle. Another task is to determine whether the identified features of 
muscle synergy can be used to classify paired static upper limb postures. This includes the use 
of a classification system (specifically the minimum Euclidean distance classifier) to classify 
paired static postures. The last task is to determine the performance of the posture classification 
system based on the classification accuracy. 
Hypothesis #2 
Features of muscle synergy of the biceps obtained under different upper limb postures 
are control signals having the potential, within a virtual cube, to move a small sphere toward a 
target. In terms of control theory, a movement can be considered as a combination of many 
motor primitives, where the individual motor primitive associated with muscle synergy can be 
interpreted as a position regulation problem, where synergistic muscles provide the balancing 
force to maintain a static posture of the upper limb. To test the hypothesis, the verifiable criterion 
is that individual subject without any previous motor learning experience with a virtual 
interactive program could produce certain specified motor control tasks with control signals 





The primary objective is to develop a pattern recognition based control system to 
facilitate the control of task-oriented movements. First, a posture classification system that could 
classify multiple static postures by using features of muscle synergy from biceps muscle is to 
be developed. This is followed with the development of an intermittent control system that 
allows the pattern recognition system to be used as a part of the control system for target 
reaching tasks in a computer simulated virtual environment. Lastly, an interactive program is 
developed to evaluate the task performance with control signals from biceps muscle. 
1.3. Organization of the thesis 
Following the Introduction, a Literature Review is presented on the theory of muscle 
synergy, techniques to extract muscle synergy, and the application to upper limb posture 
recognition. Next follows is a chapter on Materials and Methods, which describes customized 
sEMG amplifiers and filters, data processing and classification algorithms, and implementation 
of online interactive program. Chapter 4 consists of a published article describing how muscular 
synergy was extracted from pre-recorded sEMG signals obtained from the BB of 10 normal 
subjects and how features of muscle synergy could be used to determine in which upper limb 
postures the subjects were when the data was recorded. In Chapter 5, a second article (submitted 
for publication) is presented, where features of the biceps muscle synergy were used to control 
the displacement of a red sphere toward a target within a cube presented on a screen. To do this, 
a clustering algorithm was used to identify synergy features associated with each static upper 
limb posture among a set of 8. The identified posture is used as input to an intermittent control 
system to control the displacement of the red sphere. Complementary results from an 
5 
experienced subject are presented in Chapter 6, where the control of a small humanoid 
manipulator with the biceps muscular synergy and dynamic control of upper limb of a virtual 
avatar are also presented. In the Discussion, limitations of the proposed approach are presented 
in relation to other myoelectric prosthesis controls and compared with existing technologies. 
Finally, recommendations are made for improvement of the research methodology, and 
perspective is provided for future research direction. 
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2. Literature Review
2.1. Anatomy and physiology of skeletal muscles 
2.1.1. Skeletal muscles 
Skeletal muscles are made of many grouped muscle fibers (Fig. 2.1a). The average 
diameter of the muscle fiber is 50 – 60 𝜇𝜇𝜇𝜇. A muscular fibre is composed of many cylindrical 
elements called the myofibrils, which are bundled along the length of the muscle fiber with light 
and dark bands that are called sarcomeres. 
Fig.  2.1 Motor unit innervates the muscle fiber: (a) motor neuron in spinal cord provides 
innervation to the muscle fibers; (b) photomicrograph of neuromuscular junctions (Human 
anatomy & physiology 7th ed, Fig. 9.13, p. 296, Marieb and Hoehn, 2007). [Reprinted by 
permission of Pearson Education, Inc., New York, New York.] 
Electronic content can only be viewed on access controlled publishing platforms. 
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Sarcomeres form the basic contraction mechanism of the muscle with thin and thick 
myofilament. During the muscle contraction, the thick myosin filament pulls up on the thin actin 
filament via myosin heads. Attachment of the myosin on the actin is called a cross bridge, and 
the length of a sarcomere shortens as the myosin pulls on the actin filament toward the center 
of the sarcomere. This fundamental mechanism of muscle contraction is known as the sliding 
filament theory (Huxley and Niedergerke, 1954, Huxley and Hanson, 1954). 
Muscular fibers are innervated by motor neurons (MNs) located in the spinal cord 
through neuromuscular junctions (Fig. 2.1b). As shown in Fig. 2.2, the intramuscular action 
potential (AP) at rest is about -70 mV. The depolarization of the muscle fiber up to + 30 mV is 
due to the opening of ionic channels on the membrane of the muscle fiber. This AP (-70 to +30 
mV) then propagates from the neuromuscular junction in opposite direction toward the 2 ends 
of each fiber of a motor unit (MU). 
Fig.  2.2 Action potential of muscle fiber (Human anatomy & physiology 7th ed, Fig. 9.9, p. 291, 
Marieb and Hoehn, 2007). [Reprinted by permission of Pearson Education, Inc., New York, 
New York.] 
Electronic content can only be viewed on access controlled publishing platforms. 
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Ionic exchanges associated with a muscular AP can be transformed as an electronic 
potential through an electrode, and the detected signal is known as EMG. The AP of a single 
muscle fiber can be identified with single fiber electrodes (Sanders et al., 2019). Amplitude of 
the EMG is inversely proportional to the squared distance between active muscle fibres and the 
detection sites. EMG amplitude at the skin surface is in the 𝜇𝜇𝜇𝜇 range, and its frequency spectrum 
ranged from 10 to 500 Hz; the intramuscular EMG spectrum can reach up to 3 kHz. 
Skeletal muscle fibers can be classified as type I, which is fatigue resistant (FR), type II, 
fast and fatigue resistant (FFR), and type III, fast and fatiguable (FF). The FR fibers use aerobic 
metabolism and function mainly to sustain the body postures. The fast muscle fibers use 
anaerobic metabolism to supply energy, and they are used in fast movements. Majority of the 
muscles has all the three types of muscle fiber in their composition. The type of muscle fiber is 
the same in a MU. 
The force generation of a MU is directly proportional to the number of innervated muscle 
fibers. The force generated by a muscle is controlled by the CNS: initially, the MU discharge 
frequency is increased up to its tetanic level, following which other MUs are recruited from 
small ones up to large ones according to the Henneman’s size principle (Henneman, 1957, 
Henneman et al., 1965). 
2.1.2. Biceps brachii muscle 
Under voluntary control, skeletal muscles are attached to the skeleton with tendons (Fig. 
2.3A). The point where a muscle attaches to the bony skeleton, which does not move, is called 
the point of origin, and the point of insertion is the one which crosses an articulation and moves 




Fig.  2.3 Anatomy of biceps brachii. A: Structural attachment (origin and insertion) of the biceps 
muscle via tendon to the bone (Athwal et al., 2007) [Figure is used with permission of Mayo 
Foundation for Medical Education and Research, all rights reserved.]; B: Illustration of the 
posterior or deep surface of biceps brachii, where 6 compartments innervated individually by 
musculocutaneous nerve (Segal, 1992). [Reproduction with minimal alteration of the 
illustrations with permission of Elsevier.] 
 
As its name suggested, the BB has 2 main divisions: a long head (LH) and a short head 
(SH). Origin of the SH is the coracoid process of the scapula while origin of the LH is the 
supraglenoid tubercle just above the shoulder joint. Both heads are inserted along the outer ulnar 
margin of the bicipital tuberosity (Athwal et al., 2007). However, the SH inserts more distally 
than LH. According to the origin and insertion points of the two heads, SH of the biceps 
predominantly acts as a monoarticular muscle while the LH of the biceps predominantly acts as 
a biarticular muscle. This indicates that LH could be involved in more activities of the upper 
limb movements than SH. 
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Schantz et al. (1983) found that the cross-sectional area of BB measured among 26 years 
old subjects was 23.5 𝑐𝑐𝜇𝜇2 for male and 14.4 𝑐𝑐𝜇𝜇2 for female. From MRI measurement, Hubal 
et al. (2005) found the cross section area was 22.5 𝑐𝑐𝜇𝜇2 for male and 14.0 𝑐𝑐𝜇𝜇2 for female among 
585 subjects. The volume of BB was 293.6 𝑐𝑐𝜇𝜇3 from MRI measurement and 311.5 𝑐𝑐𝜇𝜇3 from 
ultrasound imaging (Miyatani et al., 2004). 
From the investigation of muscle fiber type (Dahmane et al., 2005, Srinivasan et al., 
2007), the amount of type I muscle fiber (i.e. FR) in the LH was 39%, and that of SH was 37%. 
This suggested that the muscle fibers were predominantly type II and III (i.e. FFR and FF). 
There are 580000 muscle fibers in the BB muscle innervated by approximately 774 MUs 
(Buchthal and Schmalbruch, 1980). 
According to the origin and insertion, SH is a primary elbow flexor and supinator (Jarrett 
et al., 2012). For LH, it has function of generating force in more direction than the SH (Buchanan 
et al., 1986). The main function of the BB muscle is the elbow flexion and forearm supination; 
however, due to the orientation of its tendon attachment, the muscle is also involved in the initial 
arm elevation at the shoulder joint (Landin et al., 2008) and in the stabilization of the 
glenohumeral joint (Andrews et al., 1985). 
In addition to the presence of 2 heads, Segal (1992) observed on the inner face of 
cadavers’ biceps that the muscle could be further subdivided into 6 individually innervated 
compartments (as shown in Fig. 2.3B). However, variety in number of compartments could be 
expected due to muscle architecture and nerve branching pattern. According to the author, the 
anatomical compartments could be associated with the branching of the nerve that innervates 
the muscle, and individual compartment within the muscle could supply a mechanically 
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different function with respect to other compartments. ter Haar Romeny et al. (1984) also found 
different MU recruitment patterns associated with different functions of the biceps muscle. From 
anatomical and physiological evidence, English et al. (1993) proposed the compartmentalization 
hypothesis for multifunctional muscles. 
Out of the five terminal nerves of the brachial plexus, the musculocutaneous nerve is 
responsible for the BB muscle contraction. The nerve originated from C5-C7 spinal segments 
of the lateral cord (Papin, 2004) has both motor and sensory function. Evidence has shown that 
this nerve innervates both LH and SH of the biceps muscle as well as the brachialis muscle. 
Damage to the musculocutaneous nerve causes reduction of function in elbow flexion and 
forearm supination (Osborne et al., 2000). The variation in formation, origin, and distribution 
of the nerve is huge. According to Chiarapattanakom’s investigation (1998) into 56 cadavers, 
the branching patterns of the nerve have 3 distinct types: 62% of the nerves have 1 branch to 
BB muscle, 33% of the nerves have 2 branches, and 5 % have 3 branches. The length of the 
musculocutaneous nerve innervating the BB ranges from 25 to 88 mm. 
2.2. Surface electromyography 
Neurons, sensory receptors, and muscle fibers are at the origin of bioelectric phenomena 
(Malmivuo and Plonsey, 1995). To model a bioelectric phenomenon, ionic currents involved in 
the generation of APs are usually represented by a dipole source. To reach the skin surface, that 
source has to travel through a media called the volume conductor which includes nerves, muscle 
fibers, fat, veins, arteries, etc. 
Amplitude of the sEMG is associated with the level of contraction of the muscle under 
investigation, and sEMG signals are collected with non-invasive surface electrodes. Amplitude 
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of the sEMG can also be affected by many factors such as the skinfold thickness (De la Barrera 
and Milner, 1994), placement of the surface electrodes (Staudenmann et al., 2013), and crosstalk 
from other nearby active muscles (Farina et al., 2004). The volume conductor serves as a low 
pass filter, which attenuates the sEMG, making itself more easily affected by nearby sources of 
interference (Kuiken et al., 2003). 
Côté and Mathieu (2000) presented a sEMG acquisition system with 3 by 8 Ag/AgCl 
monopolar electrode matrix that provides optimal spatial resolution to fit on the human upper 
limb. The system can provide simultaneous representation of the muscular activities during 
isometric contraction of the upper limb muscles. Authors found that the highest active region 
depends on elbow torque direction, but the results were also subject dependent. Authors 
suggested that the sEMG acquisition system could be used to solve inverse problem of muscle 
activation and to provide valuable information on electrode configuration in volume conduction 
studies. With such an acquisition system, decision algorithm for multifunctional myoelectric 
prosthesis can be implemented from the global pattern of muscle activities. 
Exploring how the 6 compartments of BB could be used to facilitate the control of a 
myoelectric prosthesis, Nejat (2012) recorded 10 sEMG signals collected across the BB of 10 
normal subjects. Different arm and hand positions were tested; for example, when the subjects 
were seated with the forearm flexed at ~ 90°, activity over the SH in 5 of the 10 subjects was 
higher while their hand was in supination than in pronation. In the standing up position with the 




2.3. Muscle synergy 
Many muscles are usually activated to produce a movement, and when complex 
movements are produced, the task of the CNS to execute them rapidly and precisely could be 
considerable. To reduce the burden of CNS, Bizzi et al. (2000) considered that spinal cord 
circuits could control a small set of synergistic muscles. Presenting the modular organization of 
spinal motor systems, Bizzi et al. (2002) pointed out that muscle responses can be explained as 
a linear combination of a set of muscle synergies for construction of movement by the spinal 
cord. With evidence collected from frog, Bizzi et al. (2008) demonstrated that muscle synergies 
are natural structure encoded within spinal networks. 
Investigation of neural activities in motor cortex and in spinal cord of several vertebral 
animals leads Bizzi and Cheung (2013) to hypothesize that CNS uses muscle synergies to 
activate many muscles in a coordinated fashion. In cats, Ting and Macpherson (2005) explained 
postural balancing tasks following a perturbation with muscle synergies. Bizzi and Ajemian 
(2015) explained the production of voluntary movements with terminologies of functional 
modules in spinal cord and pattern formation contributed from neural signals, such as sensory 
signals and motor memories. Bizzi (2016) revisited the motor control from the view point of 
muscle synergy and found that some synergies are shared by multiple motor tasks and others 
are task specific synergies. Both shared and task specific synergies could be used to facilitate 
complex movements in the motor control and motor learning. 
2.3.1. Extraction of muscle synergy 
The first algorithm to extract muscle synergy was proposed by Tresch et al. (1999) who 
investigated hind limb of the frog. The objective was to extract muscle covariation during 
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movements. Since muscle activation can only be positive, the activation components can only 
be positive. Therefore, they constructed a linear combination model, i.e. 
𝜇𝜇𝑖𝑖 =  ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑁𝑁𝑖𝑖=1 ℎ𝑖𝑖 ,      𝑤𝑤𝑖𝑖𝑖𝑖,ℎ𝑖𝑖  ≥ 0                                     (2.1) 
where 𝜇𝜇𝑖𝑖 is the muscle activities, 𝑤𝑤𝑖𝑖𝑖𝑖 is the synergy matrix, and ℎ𝑖𝑖  is the synergy coefficient. 
The synergy coefficient ℎ𝑖𝑖  was estimated with the positive constraint with a natural base 
function, i.e.  
𝜇𝜇𝑖𝑖 =  ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑁𝑁𝑖𝑖=1 𝑒𝑒ℎ𝑗𝑗                                                            (2.2) 
where 𝑒𝑒ℎ𝑗𝑗  assures that the coefficients stay positive. The synergy matrix 𝑤𝑤𝑖𝑖𝑖𝑖 was estimated with 
non-negative least squares algorithm. The synergy coefficients were then updated with 
prediction error in a gradient descent fashion. In each update, the synergy matrix needs to be 
normalized. The update of coefficient and matrix was repeated until a convergence criterion was 
met. With this procedure, authors found that the extracted synergies can explain above 90 % of 
the data variance consistently from different animals. 
Non-negative matrix factorization (NMF) is commonly used for extracting synchronous 
muscle synergies. The factorization algorithm was first used for image processing by Lee and 
Seung (1999) to learn parts of an object in an image. The multiplicative update rule (Lee and 
Seung, 2001) used in the factorization algorithm is the most popular one that has been proved 
to have very good convergence properties as that of the expectation-maximization (EM) 
algorithm. Given a non-negative matrix (M), the algorithm determines two non-negative 
matrices (W and H). The multiplicative update rule determines the H matrix as follows: 
𝐻𝐻𝑖𝑖𝑖𝑖 =  𝐻𝐻𝑖𝑖𝑖𝑖  
[𝑊𝑊𝑇𝑇𝑀𝑀]𝑖𝑖𝑗𝑗
[𝑊𝑊𝑇𝑇𝑊𝑊𝑊𝑊]𝑖𝑖𝑗𝑗
                                                      (2.3) 
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and the W matrix as follows:  
𝑊𝑊𝑖𝑖𝑖𝑖 =  𝑊𝑊𝑖𝑖𝑖𝑖  
[𝑀𝑀 𝑊𝑊𝑇𝑇]𝑖𝑖𝑗𝑗
[𝑊𝑊𝑊𝑊𝑊𝑊𝑇𝑇]𝑖𝑖𝑗𝑗
                                                     (2.4) 
Conventionally, the number of muscle synergies to reconstruct sEMG signals was 
evaluated from the variation accounted for (VAF) (d'Avella et al., 2006): 
𝜇𝜇𝑉𝑉𝑉𝑉 = 1 −  𝑆𝑆𝑆𝑆𝑆𝑆
𝑆𝑆𝑆𝑆𝑆𝑆
                                                        (2.5) 
where SSE is the sum of the squared residuals, and SST is the sum of the squared residual from 
the mean values. The coefficient of determination (CoD) is also used to determine number of 
muscle synergies in active muscles, and CoD is obtained from the square of the correlation 
coefficient (Muceli et al., 2010). 
To investigate whether muscle synergy could be used to discriminate different motor 
tasks, Delis et al. (2013) determined the number of task dependent muscle synergies with 
optimal task discrimination during a single trial hand pointing task experiment. Both simulated 
and real sEMG data were used to evaluate the method for determination of the optimal number 
of muscle synergies. The decoding-based method uses linear discriminant analysis (LDA) to 
evaluate the discrimination power of muscle synergy for different reaching movements as the 
number of synergies increases gradually. The decoding-based synergy selection method 
addresses not only the synergy approximation but also the mapping between synergy and task 




2.3.2. Experimental evidence 
Tresch et al. (2002) provided evidence from animal experiments (turtle, frog, and 
mammals) to support the hypothesis that spinal motor system uses muscle synergies as a 
strategy. Muscle synergies were also found in other movement behaviours of the animal, such 
as frog kicking (d'Avella et al., 2003), adduction-caudal extension-flexion rhythm of the frog 
(Saltiel et al., 2005), and frog swimming and jumping (Cheung et al., 2005). With considerable 
evidence, d'Avella and Tresch (2006) suggested that muscle synergies could be used to represent 
motor controls. When investigating the loading effects of frog hindlimb, Cheung et al. (2009) 
found that muscle synergy patterns are robust. 
For Torres-Oviedo and Ting (2007) studying equilibrium strategies for postural response 
to a perturbation, they demonstrated that despite a high inter-trial variability, a small set of 
synergy patterns could account for a large variation of muscle activities. Their results suggested 
that muscle synergy was used consistently by all of their experimental subjects for postural 
control. 
To gain insight of spatiotemporal organization of muscle patterns for fast-reaching 
movements of human subjects, d'Avella et al. (2006) collected muscle activity data from 19 
shoulder and arm muscles during point-to-point movements between a central location and eight 
peripheral targets in 2 vertical planes. In their experiments, variable loads, variable hand 
postures, and complex movements were experimented. Spatiotemporal synergies were 
extracted, and 4 to 5 synergies explained 73-82% of the data variation. They found that 
amplitude coefficients in extracted time-varying muscle synergies had directional preference 
and low variation due to changes in load, posture, and target point. The results provided evidence 
 
17 
to support that CNS uses muscle synergy to simplify control tasks from fast-reaching point-to-
point movements. 
Muceli et al. (2010) investigated whether a set of synchronous muscle synergies of 
healthy subjects can represent arm movement in a horizontal plane, where shoulder and elbow 
joints were involved. Muscle synergies were extracted with NMF algorithm from the sEMG of 
12 muscles (shoulder, chest, and back muscles). To estimate the non-negative synergy 
coefficient from a given movement direction, authors used the multiplicative update rule of the 
NMF while keeping synergy matrix constant. A single synergy matrix was extracted from 
various segments of a 12-direction reaching movements experiment. The muscle activity 
reconstruction accuracy with respect to actual muscle activities from sEMG was evaluated with 
CoD (𝑟𝑟2). The reconstruction of the 12 directional movements was evaluated with 1 to 4 muscle 
synergies extracted from selected joint movements. When synergies were extracted from a 
single movement direction, the reconstruction accuracy for the multiple directional movements 
was lower than that when synergies were extracted from multiple movement directions. This 
could indicate that synergies are task specific. 
Sabzevari et al. (2017) studied the speed effect of the reaching movement during muscle 
synergy extraction. Six muscles from upper limb and shoulder joints were used to extract the 
muscle synergy with NMF algorithm at three different movement speeds. They found that three 
synergies were enough to obtain 99% VAF. Cosine similarity function and mutual information 
were used to measure the muscle synergy similarity. They found that high similarity can be 
obtained (above 0.7 for cosine similarity and above 0.75 for mutual information). However, the 
similarity of synergy coefficient is relatively low compared to those of synergy vectors. From 
their results, authors concluded that CNS uses muscle synergy to achieve goal directed 
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movement, and they hypothesized that different speeds of movement use similar muscle synergy 
with different synergy activation coefficients. 
2.3.3. Modularity as movement building block 
According to Ting and McKay (2007), body posture and movement can be achieved 
through “flexible” combinations of muscle synergies, which could be assimilated to building 
blocks to control body movements. 
Reviewing time-varying muscle synergy extracted during coordinated point-to-point 
upper limb movements and during complex movements, such as via-point and change of 
direction after initialization of the movement, d'Avella and Lacquaniti (2013) confirmed that 
information on direction and speed of point-to-point movements can be extracted from time 
varying muscle synergies. They hypothesized that CNS could implement an intermittent control 
to perform fast and smooth reaching movement with combination of existing muscle synergies 
in an open-loop, where motor learning could be achieved from online adjustment from feedback 
mechanism. This suggests that CNS uses muscle synergy as the modular building block to 
produce complex movements. 
A single muscle, such as the biceps brachii could also consist of different types of 
building blocks within the muscle that can participate in different motor tasks. For the same task 
(such as forearm supination), the limited variations in order to fulfill the biomechanical 
requirement could be expected according the size principle of the muscle recruitment; however, 
synergy patterns should be similar for the same task because building blocks within the muscle 
should have relative fixed position (for example, restricted within the same compartment). 
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When other tasks are performed (such as elbow flexion), changes in synergy pattern should be 
expected because other building blocks (from a different muscle compartment) become active. 
For d'Avella et al. (2015), modularity is a product of evolution for the motor behavior, 
and authors suggest using it as a general structure from which the human motor control is 
accomplished. For example, in cognitive robotics, modularity is considered as functional unit 
exploring the potential of integration to accomplish complex tasks. The regularities (synergy 
patterns and corresponding activation coefficients) and low dimensionality of muscle synergy 
could be the by-product of optimization and constraint. To understand how motor control system 
works, researchers in evolutionary biology, neuroscience, control engineering, and 
rehabilitation need to work together. 
2.4. Upper limb posture recognition with muscle synergy 
Two types of posture recognition algorithm are considered usually in the literature. They 
are regression-based continuous prediction (Bi et al., 2019) and discrete posture classification 
(Scheme and Englehart, 2011). 
Jiang et al. (2009) extracted muscle synergies from sEMG acquired from eight channels 
of bipolar electrodes placed on forearm and biceps muscles to predict force production from 3 
joint axes movement of the wrist. They used the NMF algorithm to extract synergy control from 
each individual axis movement and then use them to predict simultaneous and proportional force 
production. With their synergy-based model, authors found that up to 2 DoFs force prediction 
was very good (78.5%) with 11 healthy subjects, but with the third DoF included in the 
prediction model the prediction accuracy drops (31.2%). When authors compared their synergy-
based linear model with a nonlinear artificial neural network (ANN) model, they found ANN 
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was able to produce better prediction (64.9%) when all the 3 DoFs were included. This suggests 
that their proposed synergy-based linear model does not handle nonlinearity very well. 
Atoufi et al. (2014) also used muscle synergies extracted from sEMG of 12 forearm 
muscles to predict force production from ANN that associated with wrist joint with 1 or 2 DoFs 
at different contraction levels. After examining the synergies extracted from different force 
levels of their 8 normal subjects, they found that synergy-based force prediction was robust 
when compared with estimation obtained with mean average value (MAV) of the sEMG. 
Authors suggested that synergy control could be used to provide proportional control of 
prosthesis. 
Naik and Nguyen (2015) applied NMF algorithm (Lee and Seung, 2001) to sEMG 
signals to extract features with fourth order autoregression and root mean square (RMS) value 
function for finger gesture classification. Two types of finger gestures were considered: one 
type is the simple single finger flexion, and the other is complex finger flexion (combination of 
two fingers). They used an ANN to evaluate the classification performance. The results showed 
that simple finger flexion is easier to classify than complex finger flexion. Authors concluded 
that the less performing classification on complex fingers was associated with the determinant 
value of the matrix obtained from the NMF algorithm. 
Ma et al. (2015) used muscle synergy features extracted from forearm muscles to classify 
hand and wrist movements with an algorithm previously proposed for simultaneous and 
proportional estimation of force (Jiang et al., 2009). After observing large fluctuations from the 
synergy features, authors proposed to apply an expert rule-based posture classification to 
improve the performance of the posture and movement estimation. The improved posture 
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classification system with muscle synergy feature gives above 90 % estimation performance for 
combined hand and wrist movements. 
To investigate the simultaneous and continuous estimation of upper limb movements, 
Gui et al. (2016) used muscle synergy features from upper limb muscles to train the support 
vector regression (SVR) algorithm that maps the synergy activation to upper limb joint angles. 
To measure the continuous estimation performance, authors used VAF and absolute estimation 
error as performance indices. They found that an average VAF value of 88.1% was obtained 
from SVR model for the continuous estimation of upper limb movements from 6 normal 
subjects. With absolute estimation error index, the SVR model performed better than 
conventional ANN model. 
Antuvan et al. (2016) compared sEMG with synergy features for movement intention 
estimation with extreme learning machine (ELM). The sEMG signals were obtained from upper 
limb, shoulder, and chest muscles of 7 subjects. From the evaluation of five upper limb postures, 
such as elbow flexion and extension, shoulder flexion, protraction, and retraction, and rest, 
authors found that sEMG features gave better training in offline mode than synergy features 
extracted with NMF algorithm (i.e. 99.37% vs 65.73%). For online mode classification, these 
authors found that synergy-based features gave better classification accuracy than sEMG 
features (i.e. 91.8% vs 84.1%). 
The objective of the research of Rasool et al. (2016) was to implement a real-time hand 
gestures (1-2 DoF) classification system based on muscle synergy features extracted from 
sEMG signals of forearm muscles of 12 subjects. Their system consists of a synergy extraction 
stage and a task discrimination stage. In synergy extraction stage, the probabilistic independent 
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component analysis (pICA) algorithm was used to extract task specific muscle synergies. To 
implement the classification system in real-time, Kalman filters were used, where the 
measurement model was based on extracted muscle synergy, and the system model was based 
on a rather simple random walk model. Targeted achievement control (TAC) test was used to 
evaluate the effectiveness of their method for classifying hand and wrist movements. To 
compare the performance of their method, they also implemented LDA, ANN, and support 
vector machine (SVM) on the same discrimination tasks. They found that their method 
performed better than others. 
Jiang et al. (2014) have implemented an online application of myoelectric control with 
synergy features from both able-bodied subjects and subjects with upper limb deficiency. In 
their application, muscle synergies were extracted from forearm muscles during two DoF 
movements of the wrist joint to provide simultaneous and proportional control in order to 
complete target reaching tasks in 2D space. After obtained 95% task completion rate from 
experiments with their subjects, they concluded that their approach of myoelectric control was 
more intuitive than other control approaches. 
NMF as reviewed in Section 2.3.1 is a clustering algorithm that extracts features from 
sEMG signals. However, the NMF algorithm does not produce a unique solution, and that is 
why extracted synergy features need cluster validation (Theodoridis and Koutroumbas, 2009) 
to select optimal features for posture classification training. The minimum Euclidean distance 
classifier (MDC) is equivalent to LDA if the variance of the training data is assumed to be equal. 
However, if this is not the case in the obtained synergy features, then the classifier performance 
could be affected by the violation of the equal variance assumption. Atoufi et al. (2015) have 
used LDA with muscle synergies to classify tasks with different force levels with good 
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performance. In our review, advanced classification algorithm such as ANN, SVM, and ELM 
have been used to classify body postures from muscle synergy features. Obviously, these 
advanced classification algorithms could outperform simple classifiers such as MDC when same 
features are used for training. However, whether validated synergy features will allow a simple 
classifier to perform better has not been tested. 
The above reviewed articles for upper limb posture recognition give simultaneous 
estimation of movement in two DoF movements; however, when the number of DoFs increases 
in their experiments, the estimation accuracy decreased. This is in contradiction with the muscle 
synergy theory, where CNS becomes more efficient with increased number of DoFs. Thus, 
methods that are consistent with the muscle synergy theory will be pursued in this research. For 
humans, most of their motor movements involve multiple joints, and modern robotic 
manipulators can simultaneous move more than 6 DoFs to reach random generated targets in 
3D task space. The limitations of the muscle synergy-based estimation algorithm should thus be 
thoroughly considered to improve the estimation performance with natural human motor control 
if the algorithm is to be used to facilitate the control of modern prosthesis. 
From a clinical perspective, the use of myoelectric prosthesis by amputees needs to be 
evaluated with a set of available tests, such as box and blocks test, clothespin relocation test, 
and Southampton hand assessment procedure. Our research is limited to normal subjects in 
laboratory settings. Thus, testing criteria are different from those used in a clinical setting. In 
particular, our evaluations are based on emerging pattern recognition based control. For 
evaluation from the pattern recognition perspective, the posture recognition accuracy is 
generally used. For evaluation from the control perspective, Fitts’s law tasks were usually 
considered. The tasks include the evaluation of the response time, precision, accuracy, etc. of 
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the control. In our research, we will consider these testing requirements; thus, for pattern 
recognition, the posture classification accuracy will be tested, and for task control evaluation, 
target reaching time, posture changes before reaching a target, trajectory length when a target is 
reached in a specified time limit, and distance to the target in case of unreached target after a 
specified time limit are considered. For the control of the number of DoFs, our primary concern 
is to obtain control signals associated with the biceps muscle, which has three functions, such 
as flexing the shoulder joint, flexing the elbow joint, and supinating the forearm. Thus, three 
DoFs control can be provided to a myoelectric prosthesis. In terms of speed or maximum delay, 
these performance parameters can be calibrated to an arbitrary precision based on the existing 
control theory if a model-based control is used on the prosthetic device. Pattern recognition 
based control is an emerging control strategy for modern prostheses. Static posture pattern 
classification is considered as one component that requires other control components such as 
the intermittent controller as presented in this research to facilitate the integration of the 




3. Materials and Methods 
3.1. First experimental protocol 
To investigate the muscular synergy of the biceps brachii, two experimental protocols 
were used. In the first protocol, we used data that has been previously collected in our laboratory 
(Nejat, 2012), where sEMG signals had been collected across the biceps of 5 female and 5 male 
healthy subjects. Ten pairs of 6 mm surface electrodes were vertically and horizontally separated 
by 15 mm. To avoid the innervation zone, bottom row of the electrode array was placed 10 mm 
above the middle portion of the biceps. Two body postures were considered: seated with right 
arm close to the trunk and elbow flexed at 90°, and standing up with right shoulder abducted by 
90° in coronal plane and elbow fully extended. Three to four isotonic and isometric contractions 
of 5 s were produced at 20% of the maximal voluntary contraction when seated and with a 1kg 
load applied to the wrist when standing up. In seated and standing postures, recordings were 
made when the hand was pronated (P), in neutral position (N), or supinated (S). Acquisitions of 
those signals were obtained with a Grass amplifier system (15LT) and a National Instrument 
data acquisition unit (NI USB-6225, National Instruments, USA) interfaced with LabView 
software that saved the acquired signal data in MATLAB files (MathWorks, USA) on a laptop 
computer. The collected sEMG signals were conditioned with RMS function prior to be used in 
the NMF algorithm for extraction of muscle synergies. 
To make sure that the analyzed signals were from those of BB muscle, only signals from 
electrode pairs #2 to #9 were used. Processing was done on these 8 sEMG data sets to obtain 
muscle synergies of BB muscle and identify in which static posture the hand was when a given 




Fig.  3.1 First protocol flow chart: ① raw EMG signals from the biceps are smoothed with a 
RMS filter. ② sEMG signals from paired postures are concatenated before extracting muscle 
synergy. ③ mean values of muscle synergy from pairwise postures are used to train a minimum 
Euclidean distance classifier. ④ classification of paired postures is obtained with the trained 
classifier. ⑤ formation of the clusters is evaluated with silhouette clustering index to increase 
the discrimination power. 
 
In the first stage, each channel of the EMG is filtered with a window of 815 ms over 
which RMS values are obtained, and the window has a moving step size of 0.5 ms. The sEMG 
signals from two hand postures are pairwise concatenated (②) before extracting muscle 
synergies. Each extraction provides one muscle synergy matrix that is shared by the paired 
postures, and it also provides mean value of synergy coefficients associated with each posture. 
That information is used to train the classifier in stage ③. For pairwise posture classification, 
two mean synergy coefficient values are determined: each mean value is obtained from the 
respective hand posture of the pair. After the MDC is trained, a classifier is used to classify a 
posture at stage ④. The stage ⑤ of the offline posture classification is associated with the 
attempt to search for better muscle synergy representation such that the results give better 
discrimination for hand posture classification. Here, the clustering validation index of silhouette 
(Rousseeuw, 1987) is used on muscle synergy coefficients to determine if better clustering 
formation has been obtained. 
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3.1.1. Muscle synergy extraction 
Muscle synergy is obtained with NMF algorithm (Lee and Seung, 1999), where the 
multiplicative update rule (Lee and Seung, 2001) is used to obtain the muscle synergy 
coefficient and muscle activation matrix as follows 
𝐸𝐸 = 𝑊𝑊 ∙ 𝐻𝐻                                                             (3.1) 
where 𝐻𝐻 represents the synergy coefficient, 𝑊𝑊 is the muscle activation matrix, and 𝐸𝐸 is the 
concatenated, RMS valued multichannel sEMG signals from a pair of static postures. The NMF 
DTU toolbox (Joergensen, 2006) is used to extract muscle synergies. The algorithm iteratively 
optimizes both synergy coefficients and muscle activation matrix, and it ensures that the 
obtained synergies are non-negative because the nerve innervation to the muscle can either be 
active or at rest. 
3.1.2. Discrimination power 
The silhouette clustering index (Rousseeuw, 1987) is used to measure the ability of the 
trained classifier to define different postures. The nature of the synergy extraction described in 
the above section is to produce clusters appear to be that the extracted features are invariant at 
the vicinity of stationary points. Duda et al. (2001) considered reinforcement learning as a 
tentative approach for learning when the only information from a reward system is right or 
wrong. In this research, the silhouette clustering index is used as the reward function for the 
reinforcement learning because compact clusters increase the discrimination power. 
To demonstrate the process, muscle synergies was extracted from the recorded sEMG 
data of pairwise static hand postures (Pronation vs Neutral) of a subject. The raw sEMG signal 
were processed with a RMS window of 250 ms, and 3 muscle synergies were extracted from 8 
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channels of sEMG recordings of BB muscle. Multiple extractions of the synergies were 
performed with the NMF DTU toolbox (Joergensen, 2006). Synergies with different silhouette 
value are presented in Fig. 3.2. 
 
Fig.  3.2 Two synergy extractions (shown in left and right panels) from concatenated sEMG 
signals when hand was pronated and when it was in the neutral posture. The synergy matrices 
are presented on top row and synergy coefficient clusters on the bottom row. From the same 
sEMG signals, the synergy clusters are very different, and their compactness is measured with 
the silhouette index. A higher index value means higher compactness of the clusters. 
 
From two muscle synergy extractions presented in Fig. 3.2 (one presented at the left 
panel and the other on the right), the sEMG signal recordings were the same; however, the 
resulting synergy matrices (as presented on the top row) have different values, which give 
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different clustering formation as shown in the bottom row of the Fig. 3.2. For both synergy 
extraction, the reconstructions gave very similar CoD value (0.99) and absolute error (0.68). 
However, when the silhouette clustering index was used to evaluate the clustering formation of 
the two synergy extractions, we found that the index values are quite different. As a distance 
base measure for the discrimination power, the silhouette clustering index provides indication 
on the compactness of the synergy coefficients. When the synergy coefficient clusters are well 
formed, they become easier to classify even with simple classifiers, such as the MDC. With this 
evidence, the multiple muscle synergy extractions are considered to select muscle synergy 
coefficients with higher discrimination power from same sEMG of paired upper limb postures. 
3.2. Second experimental protocol 
The objective of the second experiment is to determine whether muscle synergies of the 
biceps could be used to produce target reaching movements in an interactive virtual 
environment. All acquisitions were made in a seated body posture and with 8 static upper limb 
postures involving joint position changes at shoulder, elbow, and wrist (human hand supination 
and pronation are caused by a crossing over of the radius and ulna; thus, changes of hand 
supination and pronation are produced at the elbow joint. However, modern prostheses usually 
have the pronation and supination produced at their wrist joint. To be consistent with the 
application perspective, pronation and supination of the hand are considered at the wrist joint in 
this research). Each of the 8 postures of the upper limb is represented by a 3-tuple ([*, *, *]) as 
shown in Fig. 3.3A. The first element in the tuple indicates the position of shoulder joint, the 
second element in the tuple indicates the elbow joint position, and the third indicates the wrist 
position. For shoulder and elbow joints, the available positions are flexion (F) and extension 
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(E). The wrist joint can be at pronation (P) or supination (S). Synergy features extracted from 
BB of a subject is then used to control the dynamic movement of the left arm (initialized at FEP) 
of an avatar simulated in MATLAB virtual environment (Fig. 3.3B). The right arm of the avatar 
is the target arm posture (FFS). 
 
Fig.  3.3 Static postures of virtual avatar. A: 8 static postures with 3-tuple notation. B: position 
of the left upper limb of the avatar is changed by the subject’s biceps muscle, and right upper 
limb posture of the avatar is the anticipated posture. An anticipated posture is considered as 
reached when the controlled left upper limb is a mirror image of the anticipated right upper limb 
of the avatar with respect to the sagittal plane. 
 
The control signals for upper limb posture changes are obtained from the posture 
classification where training and testing of the paired posture classifier is the same as those 
presented in the first protocol (Fig. 3.1, steps ① to ⑤). In addition, to classify more than 2 
postures, an ensemble classification method then uses all the paired posture classifiers. The 
method of ensemble classification that we used in this protocol is presented in Section 3.2.1. 
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Since online signal processing is required in this protocol for interactive experiment 
(system used in previous protocol does not have online signal processing function), customized 
analog circuits were assembled with the circuit design from Muscle Sensor v3 (Advancer 
Technologies, North Carolina, USA). The analog system has been compared with commercial 
signal acquisition system by Heywood et al. (2018) who found that the low cost system 
performed comparatively well with respect to the commercial system (TeleMyo DTS, Noraxon, 
Arizona, USA). The AD8226 (Analog Devices, Massachusetts, USA) amplifiers, which have a 
common mode rejection ratio of > 90 dB, were used for differential amplification, and a 6.67 
to 1240 band-pass filter was obtained with TL084 op-amps (Texas Instruments, Texas, USA). 
Following differential amplification (Fig. 3.4A, gain = 200), signals are rectified (Fig. 3.4B) and 
smoothed (Fig. 3.4C). A second amplification stage uses the same op-amp, and it has an 
adjustable gain of 1 to 10 (Fig. 3.4D). 
 
Fig.  3.4 Analog circuits used for preconditioning the sEMG signals. A: Differential amplifier 
AD8226, B: signal rectification and high pass filter with TL084 op-amp. C: low pass filter with 
TL084 op-amp. D: second stage adjustable amplification with TL084 op-amp (Muscle Sensor 
v3, Advancer Technologies, North Carolina, USA). 
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Analog signals are digitized at 2000 Hz (12 bits resolution) by using a microcontroller 
(OpenCM9.04, ROBOTIS, Seoul, Republic of Korea). The digital signals are processed with a 
RMS window of 250 ms with a 70 ms step size in an ARM Cortex-M3 processor (72 Mhz clock) 
incorporated by the microcontroller. Besides processing signals, the embedded microprocessor 
also provides a communication interface to a MATLAB program on a laptop computer. With a 
serial communication port, 15 subsampled signals are transferred per second from the 
microcontroller to the MATLAB program. 
During the experiment, the training samples were obtained from a 10s recording from a 
subject who held his or her upper limb at one of the 8 static postures. The amplitude level of the 
sEMG was displayed on a computer screen as a visual feedback to keep the signal drift to its 
minimum. After the training data from all the static postures, required to be used for control, is 
collected, a winner-takes-all classifier can be obtained (Section 3.2.1). During the classifier 
training, if any static posture is not recognized, the posture data could be rerecorded in order to 
obtain a recognizable posture training data. 
In this protocol, NMF algorithm serves as two functions: one is to extract the muscle 
synergy features from the sEMG, and the other is to provide an instantaneous estimate of the 
muscle synergy coefficients. This instantaneous estimate is obtained from the pseudo inverse of 
the synergy matrix because the non-negative least square without distribution information does 
not give a very good fit for the sEMG signals. The Moore-Penrose pseudo inverse was used to 
invert the synergy matrix, and the resulting matrix is a non-square matrix that serves to project 
the sEMG to synergy feature space. Muscle synergy was obtained only from paired static 
postures, thus the sEMG signals during the movement of the arm from one static posture to 
another static posture were not used for synergy extraction. In this way, the muscle synergy 
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matrix can be assumed to be unchanged for the paired postures, and only synergy coefficient 
changes according to which static posture it belongs to. This allows the sEMG obtained from 
the pairwise postures to be instantaneously projected to the feature space using the pseudo 
inversed synergy matrix without too much stability issue due to nonlinearity. 
The online classification of static postures was accomplished with 3 sets of 5 seconds 
recording of each static posture. During this operation, the classified postures were duplicated 
by the avatar, and subjects used that information to correct their biceps contraction to improve 
the classification accuracy. 
3.2.1. Combining classifiers (synergism) 
The muscle synergy coefficient with high silhouette value is used to train the simple 
classifiers, i.e. MDC. The training of the classifier is relatively easy because it only requires the 
mean value of each muscle synergy cluster from pairwise postures. The simplicity to implement 
is one of the justifications initially. When tested the performance online, good classification 
accuracy (95%) were obtained from paired posture classification of two subjects (He and 
Mathieu, 2017). Thus, the MDC was used for the interactive control program. As mentioned in 
the literature review, if advanced classifiers, such as ANN or SVM are used, then improved 
classification performance could be expected. The resulting pairwise posture classifier is called 
a component classifier (Duda et al., 2001). The winner-takes-all method is used to learn the 
activation of paired posture classifiers at the pooling stage. As shown in Fig. 3.5, three hand 
postures (P: pronation; N: neutral; S: supination) are considered for classification with 3 
component classifiers, where the same input sEMG signal from a pronated hand is classified. 
For each component classifier, one estimate is produced, where the identified posture is given a 
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positive vote (i.e. 1), and the other posture does not receive any vote (i.e. 0). The cumulative 
sum of positive votes for each posture is determined at the pooling stage to produce the estimated 
output. As an ideal case shown in Fig. 3.5, where all the component classifiers make the correct 
classifications, the classifier produces the correct classification, i.e. input from the bottom (P) is 
reproduced by the output at the top. This suggests that the learning of the network can produce 
good classification accuracy; otherwise, the network needs to relearn the pattern until the correct 
posture is reproduced. This procedure is applied to Neutral and Supination hand postures to 
complete the training of the classifier. 
 
Fig.  3.5 Winner-takes-all method to provide classifier training. Three hand postures (P: 
pronation; N: neutral; S: supination) were considered. A testing sEMG from pronated hand was 
used as input. If all the component classifiers produce the correct classification, then the 
pronated hand receives the highest positive votes at the pooling stage. The posture classifier 
selects the posture with highest votes as its output of posture classification (i.e. pronation has 
highest number of votes at the pooling stage, and the classifier produces pronation as its output). 
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The combination of pairwise classifiers (Fürnkranz, 2002) to produce posture 
classification is based on round robin method (Park and Fürnkranz, 2007) by using component 
classifiers in a synergism approach to classify 8 different postures of the upper limb. As a simple 
demonstration of how the classifier makes estimation, an example is shown in Fig. 3.6. The 
pairwise classifiers associated with FFS posture are indicated with thick blue lines, and those 
associated with FFP posture are indicated with orange lines. The shared pairwise classifier 
between FFS and FFP is indicated with a red line. So, after the initial votes, both FFS and FFP 
 
 
Fig.  3.6 Combining the pairwise posture classifier to produce multiple posture classification. 8 
upper limb postures are labelled as 3-tuples. When two postures receive equal votes from their 
corresponding classifiers (Stage 1, dark colored lines), the tie break will be automatically 
determined by the pairwise classifier (Stage 2) associated with the postures having equal votes, 
as in this instance: FFS-FFP paired posture classifier. After the tie break, the winning posture 
will be the final estimate from sEMG. 
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postures received 6 votes from their corresponding classifiers. This is a tie condition, and to 
break the tie and produce final posture estimate, the paired posture classifier indicated with the 
red line is used to make the final estimate of the posture (as shown in Fig. 3.6, second stage) 
after the equal votes in the first stage. If the red line pairwise classifier classifies the posture as 
FFS (i.e. FFS = 1), then the final estimate will be FFS posture, and vice versa for FFP. 
As the number of classified postures increases, signal variation between some postures 
reduces. For pattern classification, this means that posture patterns become similar to each other. 
Thus, the discrimination power of each paired posture classifier reduces. The cumulative effect 
to the posture classifier, that consists of many paired posture classifiers, is the reduction of the 
overall classification performance. 
3.2.2. Mapping the upper limb joint position to virtual cube  
In order to evaluate the capability of muscle synergy, extracted from biceps muscle, to 
produce movement in an interactive environment, the normalized joint angular positions of the 
upper limb in degrees associated with the BB muscle function are mapped to the axes of a virtual 
cube (displayed on the computer screen) as shown in Fig 3.7A. The 8 static postures of the upper 
limb (Fig. 3.3A) are associated with the 8 corners of the virtual cube. These static postures 
represent the extreme positions of the joint movement of the upper limb. The intermediate 
positions within the cube can be mapped to the joint angular positions as shown in Fig. 3.7B. 
The parameter mapping between the virtual cube (𝑥𝑥,𝑦𝑦, 𝑧𝑧) and the joints of the upper limb 
(𝑞𝑞1, 𝑞𝑞2, 𝑞𝑞2) is one-to-one and onto, so the solution from one parameter set is uniquely mapped 
to the other parameter set. Thus, a joint angular position of the upper limb, that can be produced 




Fig.  3.7 Mapping of the joint parameters of the upper limb to virtual 3D joint space parameters. 
A: a 3D virtual cube, where each corner of the cube is associated with a static posture of the 
upper limb. B: joint angles (𝑞𝑞1, 𝑞𝑞2, 𝑞𝑞3) of the upper limb in sagittal plane that represent the 
shoulder, elbow, and wrist joint positions in degrees. 
 
During an experiment, a subject uses 5 (a subset of 8) or all the 8 static postures, as 
shown in Fig. 3.3A, to move, in the virtual cube, a red sphere from its initial position (Fig. 3.7A) 
to a target (not shown). Each red sphere displacement in the cube is controlled with one of the 
8 static postures taken by the subject. 
3.2.3. Joint movement model and intermittent control 
The subject’s forearm static posture in supination or pronation in joint space was 
modeled as a standard second-order system (Ogata, 2010). The block diagram is shown in Fig. 
3.8A, where the input R(s) is the desired position, C(s) is the system output, and E(s) is the 







                                                       (3.2) 
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The step response and impulse response of the system is shown in Fig. 3.8B. The critical 
damped condition is used for the system, i.e. 𝛿𝛿 = 1. The natural frequency (𝜔𝜔𝑛𝑛) of the system 
being considered as a variable, the response time of the system can be changed through the 
change of natural frequency of this system. In Fig. 3.8A, the natural frequency of the system is 
set at 𝜔𝜔𝑛𝑛 = 5 to produce the system response (as shown in Fig. 3.8B). The same second-order 
system is also used to model the movement of elbow joint and shoulder joint in the joint space. 
 
Fig.  3.8 Second-order system. A: block diagram of a second-order system, R(s) – input, E(s) – 
error, C(s) – output, 𝜔𝜔𝑛𝑛 is the natural frequency of the system, and 𝛿𝛿 is the damping ratio. B: 
unit step input response and unit impulse response of the system when 𝜔𝜔𝑛𝑛 = 5 and 𝛿𝛿 = 1. 
 
A virtual simulator was developed from the second-order system model for three joint 
movements indicated by the red sphere position change in the cube (Fig. 3.7A). The movement 
of the red sphere can be obtained from control signal restricted to the 8 discrete static postures 
from the posture classifier. For static postures in the corners of the cube, coordinated movement 
control can be solved as a position regulation problem with a proportional controller. The red 
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sphere can rest at any position in the cube if there is no control input (i.e. muscle is relaxed), 
and the initialization position of the red sphere is always in the center of the cube (Fig. 3.7A). 
The transition of the control signal from one posture to another is modeled with an 
intermittent control (Gawthrop et al., 2011). In the experiment, a subject can observe the 
movement of the red sphere in the virtual cube and change control signal by altering static arm 
postures from one to another. The observation of the red sphere movement in the cube allows 
the subject to track the movement of the red sphere as considered in (Neilson et al., 1988) such 
that a trajectory of the red sphere can be planned to reach a targeted position in the cube. 
With the position regulator at each axis of the virtual cube, the red sphere can be 
positioned anywhere in the virtual cube. However, to reach a position target within the virtual 
cube with this position regulator is difficult because it requires good anticipation of the 
movement of the red sphere in all of the three joint axes of the virtual cube. To reduce the 
difficulty during the target reaching, the control system needs to be decoupled; thus, individual 
joint movement can be obtained by switching from one discrete posture to another. 
3.2.4. Individual joint control 
In the control system presented above, each estimated posture provides coupled input at 
three joints of the upper limb through position regulators. For such control system, postures at 
predefined positions, such as the static postures at the 8 corners of the virtual cube, can be 
reached automatically. However, to attend an arbitrary position with certain accuracy in the cube 
(or to place the upper limb in an arbitrary posture with the available three joint movements), the 
control system needs to be decoupled. Therefore, we consider a 2-stage reaching. The first stage 
of the reaching is to initiate the movement toward the target with the coupled control in all axes. 
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When the red sphere moves near the target, a switching algorithm is used to decouple the 
movement to fine tune the position of the red sphere in order to reach the target. The control 
system is decoupled by using the transition from consecutive control inputs from the posture 
classifier. For a demonstration, the motion of the red sphere can be controlled with 4 upper limb 
postures (FFS, FFP, FES, and FEP) in a plane as shown in Fig. 3.9A. Both coupled (Fig. 3.9B) 
and decoupled control (Fig. 3.9C) are used to reach a target as a comparison. 
 
Fig.  3.9 Two stages target reaching methods in a plane. A: the red sphere is controlled by 4 
estimated upper limb postures which direct the red sphere toward a corner of the plane. B: no 
target reached where control input is switched too late from FFS to FFP. C: the FFS motion is 
inhibited earlier in the elbow axis by a switch from FFS to FFP, and the black target is reached. 
 
With each first static posture, the red sphere is moved from its initial position at the 
center of the plane toward the corner corresponding to that posture (Fig. 3.9A). When a second 
static posture is taken, the red sphere immediately moves in the direction associated with the 
second posture. As illustrated in Fig. 3.9B, target is not reached when a second posture (2) is 
taken as the red sphere moves toward the FFS corner (1) because the subject failed to anticipate 
the red sphere trajectory that could reach the target before the posture switch was made. In Fig. 
3.9C, the target was reached because the posture switch occurred earlier. This control approach 
can be extended to 3D displacement of the red sphere in the cube.  
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4. Static Hand Posture Classification Based on the Biceps 
Brachii Muscle Synergy Features 
This is a published article (J. Electromyogr. Kines., (43): 201-208, 2018), where we used 
a database of surface EMG signals obtained from the biceps brachii of 10 healthy subjects when 
their upper limbs were in different static postures (Nejat, 2012). This research was under the 
supervision of Professor Mathieu. It’s Professor Mathieu who has suggested using the concept 
of muscular synergy on biceps brachii muscle, from its contribution of several different 
movements and the presences of 6 individually innervated compartments, which could represent 
several muscles working together. For extraction of muscle synergy from BB muscle for posture 
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Abstract 
With modern upper limb myoelectric prostheses, many movements can be produced 
when many control signals are available. Some of them could originate from the multifunctional 
biceps brachii which appears to be composed of up to six individually innervated compartments. 
Given its compartmental nature, this muscle behaves as if composed of many individual muscles 
acting in synergy to achieve a given motor task. Through an appropriate synergy model, its 
EMG signals could thus be used to produce some of the many control signals required with 
modern upper limb myoelectric prostheses. Exploring that possibility, muscular synergy which 
is usually applied to a group of different muscles, was tested on the biceps brachii only. A non-
negative matrix factorization method was applied on pre-recorded data consisting of 8 surface 
electromyographic signals collected across the biceps of 10 normal subjects who, in Seat or 
Stand posture, held their hand in 3 different postures. We found that muscular synergies can be 
extracted from the biceps brachii. With a learning process and a classifier, it was also possible, 
between a pair of static hand postures, to identify which one was used when a given record was 
made. The mean score of correctly detected hand posture was >80% for our subjects. 
Keywords: biceps brachii, compartments, non-negative matrix factorization, muscle 





From shoulder to the fingertips, many muscles and articulations are spanning the upper 
limb. Due to that redundancy, the central nervous system (CNS) would have a huge task of 
identifying rapidly and efficiently which muscles to contract at a given time with a given 
intensity level while an intended movement is in progress. With trained movements for which 
high degrees of precision and repeatability are easily observed, the kinematic analysis suggests 
that an efficient global approach has to be used by the CNS to plan and realize such movements 
(d’Avella et al., 2006). The same applies to the repetitive activation of the lower limb muscles 
involved in stepping up and locomotion (Santuz et al., 2007, Yang et al., 2007). To reduce the 
CNS workload and increase its efficiency in executing a given movement, it has thus been 
proposed that cooperative muscle interaction has to be involved. Such interaction is defined as 
muscular synergy (Bizzi and Cheung, 2013, d’Avella and Lacquaniti, 2013). 
Muscle synergies cannot be directly observed from electromyography (EMG) signals 
be-cause individual muscle activation amplitude and timing are difficult to associate with 
direction and speed of a movement. Synergies are therefore inferred from models where various 
matrix factorization methods, such as non-negative matrix factorization (NMF), principal 
component analysis (PCA), factor analysis (FA), independent component analysis (ICA), 
probabilistic independent component analysis (pICA) and others are used. When Tresch et al. 
(2006) tested all of these methods on simulated EMGs and on signals collected from frogs, they 
found that those models produced quite similar synergies. However, the non-negative matrix 
factorization is usually preferred with EMG signals since muscles can only be at rest or 
contracted. For example, to analyze the balance control of cats standing on a platform submitted 
to randomly oriented perturbations, Ting and Macpherson (2005) measured the response of 8 to 
 
44 
15 hindlimb muscles and found with NMF that four synergies could explain the cats’ hindlimb 
postural responses. Studying the human wrist articulation, Jiang et al. (2009) developed a 
physiologically based surface EMG model where synergistic muscles shared spinal drives that 
act as time-varying force functions. With 8 EMG signals (biceps and 7 forearm muscles) from 
12 subjects who realized tasks involving up to 3 simultaneous degrees of freedom (DoFs), they 
used a NMF algorithm and their detection success was 78.5±7.62% for 2 DoFs movements and 
31.2±17.4% for 3 DoFs demonstrating the feasibility of simultaneous and proportional control 
of a prosthesis. To study gestures associated with grasping, Günay et al. (2007) applied NMF 
and PCA algorithms on the EMG signals of 6 forearm muscles. For 14 hand postures 
classification, they found better results with NMF than with PCA. NMF was also used by Muceli 
et al. (2017) to study the simultaneous and proportional control of wrist flexion/extension and 
forearm pronation/supination. With the extracted synergies obtained from 16 monopolar EMG 
signals of the forearm of 10 subjects, they got a mean task completion rate of 95% at a higher 
speed than with an industrial control where each DoF is controlled by 2 different EMG signals. 
In the above articles, muscle synergy was used to describe the coordinated simultaneous 
activity of many distinct muscles either in response to a perturbation or involved in a movement. 
Here, we investigated if muscular synergy could also be extracted from a single muscle the 
biceps brachii (BB). Our interest was attracted to this muscle because it contributes to the 
shoulder stability, to the arm abduction, to its adduction and internal rotation, to the elbow 
flexion and to the hand supination (Ken Hub Channel, 2017). This results in different EMG 
signals recorded over the muscle as the arm is set in different postures (ter Haar Romeny et al., 
1984). Our interest was also drawn by the presence of up to 6 individually innervated 
compartments which can be visually observed on its inner surface (Segal, 1992). Considering 
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those compartments as muscles within a muscle, we investigated if muscular synergy could be 
extracted with NMF from surface EMG signals collected across the contracted biceps while 
shoulder, elbow and wrist joints were in different static postures. This being the case, a learning 
process and a classifier were used to determine, between two hand static postures, which one 
was taken by the subject when the EMG signals were recorded. 
4.2. Methods 
4.2.1. Experimental data 
Pre-recorded data (Nejat, 2012) from 26 to 32 years old healthy subjects (5 females, 5 
males) with a mean body mass index of 23.9±0.89 were used. Borders of their BB had been 
identified by palpation and their mid-point was considered separating the short (SH) from the 
long head (LH). Five pairs of surface electrodes were positioned across each head (Fig. 1A). 
The lower electrode row was located 10 mm above the mid-portion of the BB to avoid the 
neuromuscular junction zone. In one body posture, EMG signals were acquired while subjects 
were in Seat posture with the right arm close to the trunk and the elbow flexed at 100° (left of 
Fig. 1B). Constant isotonic and isometric contractions of 5 s were produced at 20% maximal 
voluntary contraction (MVC) while the hand (Fig. 1C) was pronated (P), in neutral position (N) 
or supinated (S). In the other body posture (right of Fig. 1B), subjects were in Stand posture 
with the right shoulder abducted by 90°, the arm held horizontally in the coronal plane (out to 
the side) with a 1 kg load attached at the wrist level1 with hand also pronated, in neutral position 
or supinated. In each of those different experimental conditions, three or four 5 s EMG records 
                                                 
1 While in Stand posture, it was easier to hold a weight as opposed to maintain a constant strain gauge reading. 
The 1 kg load was judged to be equivalent to the 20% MVC of the Seat posture. 
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were acquired. Following amplification (×2000), band-pass filtering (10-1000 Hz, second-
order) with a 15LT Grass system, signals were sampled at 2 kHz with LabView (National 
Instrument, USA) and saved as MATLAB file (Mathworks, USA). Arm circumference differing 
among subjects (25 to 31 cm), the biceps synergy analysis was restricted to the inner eight EMG 
signals, i.e. those from electrode pairs 1 to 8 (Fig. 1A); this ensured that only signals over the 
BB were analyzed. 
 
Fig.  4.1 Electrode placement and static postures. A: Ten pairs of surface electrode pairs have 
been equally positioned over the short head (SH) and long head (LH) of the biceps brachial. 
Due to different arm circumferences among the subjects, only 8 EMG signals were considered 
to extract the biceps muscular synergy. B: Tested postures: Seat with force produced at 20% 
MVC (Maximum Voluntary Contraction) and Stand with a 1 kg load considered to be equivalent 
to 20% MVC in the Seat posture. C: Three hand postures tested in each body posture. 
A 815 ms rectangular window was moved in steps of 0.5 ms along each sampled EMG 
signal in a set and a RMS value obtained for each window. This resulted in a 8 × 8371 matrix 
(E) to be factorized. Factorization was achieved on concatenated RMS profiles of signals 
acquired with the hand pronated and neutral (P+N) and in neutral and supinated (N+S) postures 
(Fig. 2A). Concatenation can be used for different purposes. For example, Oliveira et al. (2014) 
assembled the synergies of repeated EMG cycles exercise in a single stream to improve the 
synergies estimation. Gatti et al. (2008) concatenated processed EMG signals of muscles acting 
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at the shoulder level to evaluate 3 methods used to predict muscle forces. In contrast to those 
purposes, concatenation is used here to estimate synergies involved with the control of two hand 
postures P and N or N and S, where certain contractile elements of the biceps are assumed to be 
shared but activated at different degrees. Levels of those synergies were used as a posture 
classification method. 
 
Fig.  4.2 Synergy extraction. A: S6 training concatenated RMS values (channel 4) of the biceps 
EMG signals (P+N: pronation+neutral; N+S: neutral+supination). B: For P+N concatenated 
EMG signals, three training muscle synergies (wtr1, wtr2, wtr3) and concatenated synergy 
coefficients (h1, h2, h3). C: Results for the N+S concatenated signals. Subject was in the Seat 
posture and EMG signals are those following amplification with a gain of 2000. 
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4.2.2. Muscle synergy extraction 
A set of RMS EMG signals obtained from a multichannel recording forms a matrix E 
for which the NMF factorization is: 
E = W × H      (1) 
where all elements of W (the biceps synergy) and H (synergy coefficients) are non-negative. 
Here, those matrices are estimated with the NMF DTU toolbox (Joergensen, 2006). Using the 
multiplicative update rule of Lee and Seung (2001), the factorization algorithm proceeds 
iteratively with a maximum of 50000 iterations to minimize the least squares error between 
original RMS EMG signals and their reconstruction from the product of synergies W and 
coefficient matrix H. The coefficient of determination (Yang et al., 2017) was used to determine 
the number of muscle synergies. Synergy extraction serves two purposes here: to identify the 
parameters that will be used to train a classifier (see below) and to evaluate the classifier 
performance. 
i) Classifier training 
In each hand posture, the first dataset out of the 3 or 4 available ones was always used 
to train the classifier. Those training sets are respectively labelled 𝐸𝐸𝑖𝑖𝑡𝑡𝑡𝑡
(𝑃𝑃+𝑁𝑁)  and 𝐸𝐸𝑖𝑖𝑡𝑡𝑡𝑡
(𝑁𝑁+𝑆𝑆)  where 
the left superscript specifies the type of concatenation while the tr subscript indicates the trial 
used for training; in the paper tr=1 and the subscript i at the right of E is the EMG channel 
number. An example of two concatenated signals from the training set is shown in Fig. 2A (top: 
𝐸𝐸4𝑡𝑡𝑡𝑡
(𝑃𝑃+𝑁𝑁)  and bottom: 𝐸𝐸4𝑡𝑡𝑡𝑡
(𝑁𝑁+𝑆𝑆) ). The NMF decomposition of 𝐸𝐸𝑖𝑖𝑡𝑡𝑡𝑡
(𝑃𝑃+𝑁𝑁)  or 𝐸𝐸𝑖𝑖𝑡𝑡𝑡𝑡
(𝑁𝑁+𝑆𝑆)  was constrained 
to three components which provided the 8x3 training synergy matrices, respectively 𝑊𝑊𝑡𝑡𝑡𝑡
 (𝑃𝑃+𝑁𝑁)  
and 𝑊𝑊𝑡𝑡𝑡𝑡




(𝑃𝑃+𝑁𝑁)  and 𝐻𝐻𝑡𝑡𝑡𝑡
(𝑁𝑁+𝑆𝑆) . Fig. 2B and 2C illustrates the three column vectors wi of the training 
synergy matrices W and the three row vectors hi of the training synergy coefficient matrices H. 
In Fig. 3A, the training synergy coefficients are shown in a 3D plot. The plot shows the 
clusters associated to a concatenated N and S segment. Each cluster’s center of gravity in the 
3D feature space was used to represent the N and S posture. As an example of the notation used, 
the coordinate vector for the center of gravity for the N cluster from the N+S concatenated data 
of the training trial tr is 
  𝒉𝒉�𝑁𝑁 = � ℎ�1,𝑁𝑁𝑡𝑡𝑡𝑡𝑁𝑁+𝑆𝑆  , ℎ�2,𝑁𝑁𝑡𝑡𝑡𝑡𝑁𝑁+𝑆𝑆  , ℎ�3,𝑁𝑁𝑡𝑡𝑡𝑡𝑁𝑁+𝑆𝑆  �𝑡𝑡𝑡𝑡 𝑁𝑁+𝑆𝑆     (2) 
where ℎ�𝑛𝑛,𝑁𝑁 is the mean value for the nth components of the synergy coefficient vector. For the S 
cluster of the same data, we have 𝒉𝒉�𝑆𝑆𝑡𝑡𝑡𝑡 𝑁𝑁+𝑆𝑆 . And for P+N concatenation we have the two clusters’ 
center of gravity, 𝒉𝒉�𝑃𝑃𝑡𝑡𝑡𝑡 𝑃𝑃+𝑁𝑁  and 𝒉𝒉�𝑁𝑁𝑡𝑡𝑡𝑡 𝑃𝑃+𝑁𝑁 .  These centers of gravity define the reference, against 
which testing postures are compared for classification. 
 
Fig.  4.3 3D plot of synergy coefficient and silhouette. A: 3D plots of the training h1, h2, h3 
coefficients (units in V) for concatenated N and S clusters of a training trial. B: display of 
decimated (1/750) silhouette indices of each cluster (0 to 1). With the more compact N cluster, 
its mean silhouette index value (0.68) is higher than for the S cluster (0.51). MATLAB silhouette 
function was used where distance between points in a cluster is squared. Results of subject S6 
in the Seat posture. 
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ii) Feature extraction method 
The classifier operates on the NMF features extracted from the RMS EMG data. Here, 
these features are synergy estimates. Given the data from the ith trial to be classified, 𝐸𝐸𝑖𝑖  with 
𝑖𝑖 ≠ 𝑡𝑡𝑟𝑟, we solve the linear overdetermined equation system for 𝐻𝐻 by: 
   𝐸𝐸𝑖𝑖 = 𝑊𝑊𝑡𝑡𝑡𝑡 𝐻𝐻𝑖𝑖        (3) 
where 𝐸𝐸𝑖𝑖  is either  𝐸𝐸𝑖𝑖
(𝑃𝑃+𝑁𝑁)  or  𝐸𝐸𝑖𝑖
(𝑁𝑁+𝑆𝑆)  and correspondingly 𝑊𝑊𝑡𝑡𝑡𝑡  is the training synergy matrix, 
either  𝑊𝑊𝑡𝑡𝑡𝑡
(𝑃𝑃+𝑁𝑁)  or  𝑊𝑊𝑡𝑡𝑡𝑡
(𝑁𝑁+𝑆𝑆) . A general solution can be obtained by minimum lease square 
inversion, which in its simplest form can be written as: 
   𝐻𝐻�𝑖𝑖 = 𝑊𝑊−1𝑡𝑡𝑡𝑡 𝐸𝐸  𝑖𝑖       (4) 
where 𝐻𝐻� indicates that we have an estimate of 𝐻𝐻 in the least square sense. The MATLAB 
function mldivide is used to determine the inversion, 𝑊𝑊−1𝑡𝑡𝑡𝑡  during the program execution. The 
right-hand side of equation (4) performs the projection of eight-dimensional E data onto the 
three-dimensional synergy coefficients feature space. Each jth column of E is a point on the time 
axis, and therefore we denote this point by 𝐸𝐸(𝑗𝑗); the projection being done on a time sample by 
sample basis, the corresponding feature vector estimate will be noted 𝐻𝐻�(𝑗𝑗). 
4.2.3. Hand posture classification 
In each dataset, 3 or 4 trials were available and the first one was always used for training. 
After the training, the 2nd, 3rd and 4th trial were classified by using the minimum Euclidean 
distance (D) between the training coefficients and the testing coefficients 
𝐷𝐷𝑃𝑃(𝑗𝑗) = � 𝐻𝐻�(𝑗𝑗)𝑖𝑖𝑃𝑃+𝑁𝑁 − 𝒉𝒉�𝑃𝑃 𝑡𝑡𝑡𝑡 𝑃𝑃+𝑁𝑁 �𝑖𝑖𝑃𝑃+𝑁𝑁      (5) 
DN(j) = � 𝐻𝐻�(𝑗𝑗)𝑖𝑖𝑃𝑃+𝑁𝑁 − 𝒉𝒉�𝑁𝑁 tr 𝑃𝑃+𝑁𝑁 �𝑖𝑖P+N      (6) 
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𝐷𝐷𝑁𝑁(𝑗𝑗) = � 𝐻𝐻�(𝑗𝑗)𝑖𝑖𝑁𝑁+𝑆𝑆 − 𝒉𝒉�𝑁𝑁 𝑡𝑡𝑡𝑡 𝑁𝑁+𝑆𝑆 �𝑖𝑖𝑁𝑁+𝑆𝑆      (7) 
𝐷𝐷𝑆𝑆(𝑗𝑗)  = � 𝐻𝐻�(𝑗𝑗)𝑖𝑖𝑁𝑁+𝑆𝑆 − 𝒉𝒉�𝑆𝑆 𝑡𝑡𝑡𝑡 𝑁𝑁+𝑆𝑆 �𝑖𝑖𝑁𝑁+𝑆𝑆      (8) 
where j is a point on the time axis of trial i. Operation of the classifier in each paired posture is 
as follows: 
• if  𝐷𝐷𝑃𝑃𝑖𝑖𝑃𝑃+𝑁𝑁 (𝑗𝑗) <   𝐷𝐷𝑁𝑁𝑖𝑖𝑃𝑃+𝑁𝑁 (𝑗𝑗) , then point j is of class P, otherwise it is of class N 
• if  𝐷𝐷𝑆𝑆𝑖𝑖𝑁𝑁+𝑆𝑆 (𝑗𝑗) <   𝐷𝐷𝑁𝑁𝑖𝑖𝑁𝑁+𝑆𝑆 (𝑗𝑗) , then point j is of class S, otherwise it is of class N 
Good classification rates (%) are obtained for each class in a trial by checking the real 
hand posture against the hand posture inferred from 𝐷𝐷𝑃𝑃(𝑗𝑗)𝑖𝑖𝑃𝑃+𝑁𝑁  and 𝐷𝐷𝑁𝑁(𝑗𝑗)𝑖𝑖𝑃𝑃+𝑁𝑁  for a P+N 
concatenation for example. 
While the same NMF and classifier models were used to analyze both the Seat and the 
Stand posture datasets, the training signal used to detect a hand posture in Seat posture was 
chosen within the Seat datasets, and chosen within the Stand datasets to detect a hand posture 
in Stand posture. 
4.2.4. Silhouette clustering validation index 





      (9) 
where 𝑎𝑎𝑖𝑖 is the average distance from the ith point to the other points in the same cluster (i.e. in 
a given hand posture) and 𝑏𝑏𝑖𝑖 is the minimum average distance between this ith point and all 
other points in the other cluster (i.e. in the other hand posture of concatenated data). It varies 
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between 1 and -1. A Sili index indicates how much each value of the synergy coefficient 
associated to a hand posture is close to the same ones and is distant from synergy coefficients 
of the other hand posture. The silhouette index values are obtained based on the true hand 




∑ 𝑆𝑆𝑖𝑖𝑆𝑆𝑖𝑖𝑛𝑛𝑖𝑖=1        (10) 
where n is the total number of points in the clusters. Silhouettes obtained for a N+S training trial 
are displayed in Fig. 3B with mean silhouette index mSil of each cluster. For each training set, 
the mean of its two mSil values was used while for each tested trial, the mSil of each hand 
posture was considered with respect to the opposite hand posture cluster in the training dataset. 
4.2.5. Processing time 
On a personal computer (i7-3820 processor, 3.6 GHz clock), extraction of muscular 
synergy and associated coefficients of a training trial were obtained in ~2 minutes following 
50000 iterations, which assured that convergence of the optimization process was attained. For 
each tested trial, classification took only 20 ms since it only required comparing trained and 
testing synergy coefficients. 
4.3. Results 
4.3.1. Synergy clusters and silhouettes 
With 3 synergies, the coefficient of determination between original EMG RMS signals 
and those obtained by summation of the synergies was always >90%. Samples of 3 synergies 
(wtr1, wtr2, wtr3) and associated coefficients (h1, h2, h3) obtained in a training trial of subject S6 
in the Seat posture are shown in Fig. 2B and 2C. For the P+N situation (panel B), muscular 
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synergy wtr2 and wtr3 are slightly larger under channel 1 to 4 (over SH) than under 5 to 8 (over 
LH). For the same P+N situation in the Stand posture (not shown), more synergy is present in 
the LH than in the SH. This is in agreement with earlier observations on SH vs LH activity as a 
function of body and hand postures (Nejat, 2012, Fig. 4.2.2, p.76). Here, for the N+S situation 
(Fig. 2C), synergy coefficients are larger than in B because EMG activation levels are relative 
higher in supination than in pronation. An illustration of the 3D plots of the N and S coefficients 
is presented in Fig. 3A and the silhouette index of one point out of 750 within each cluster is 
presented in panel B as a horizontal bar within a 0 to 1 scale. When mean value of the N and S 
silhouette indices (mSil) are calculated, the N index is better (closer to 1) than the S index. 
 
Fig.  4.4 3D plots of the h coefficient clusters of S6 obtained for concatenated P+N and N+S 
EMG signals in the Seat (A) and Stand (B) postures. In each of those 4 conditions, plots on the 
left columns are those of the training trial and those at the right of a tested trial. Numbers near 
the top of each 3D display are mSil values. Integer numbers near the bottom of the tested trials 




In Fig. 4, synergy coefficient clusters of a subject obtained in the Seat and Stand postures 
are presented for the training and for one tested trial. Generally, classes appear well separated 
in each training and testing trial. When mean silhouette index shown at the top of each plane in 
the back is >0.70, a good classification performance is obtained as shown at the bottom right of 
the 3D back plane. In the Seat posture for the N+S condition, a 0% classification result was 
obtained for the N cluster due to the low silhouette index of the training (0.58) and of the testing 
trial (0.50); also, the testing trial clusters have moved at the left of the training clusters. For this 
particular case, the projection of the EMG to the synergy space produced a large number of 
negative h2 synergy coefficients, clearly defeating the NMF model. 
Table  4.1 Classification results (%) obtained for each tested trial of the 10 subjects who are 
ordered from perfect results to the lower mean performance ones in the Seat posture. The 
numerous 100% results are represented by an asterisk (*) while the few cells with 0% results 





Results obtained in each tested trial of the 10 subjects are shown in Table 1, where the 
subjects’ presentation order is based on the best classification percentage obtained in panel A 
for the P+N and N+S condition. Among the 4 tested pairs of hand postures, classification results 
ranged between 100% and 0%. Out of the 208 results presented in that table, a perfect 
classification (100%) was obtained in 118 trials (57%) while a complete failure (0%) was 
observed only in 10 trials (5%). Between those 2 limits, there were 80 trials (38%). 
As shown in the bottom line of each panels of Table 1, two subjects obtained excellent 
results in P+N and N+S situations: S1 got a 100% mean classification results in the Seat posture 
and S6 in the Stand posture. Less performing subjects were S8 in Seat (63.7%) and S9 in Stand 
(65.4%) posture. Histograms of those results are presented in Fig. 5 where the 90-100% results 
outnumbered all the other ones. 
 
Fig.  4.5 Histograms of the classification results of Table 1. Distributions are skewed to the left 
due to the many 90-100% results. 
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Relationship between trained and tested mSil values are displayed in Fig. 6. It can be 
seen that when trained mSil values are high, high tested mSil values are also obtained. Relatively 
to the diagonal (dashed green line representing the trained mSil results), tested mean mSil values 
are sometimes above or under the diagonal. For instances, in the (P+N) situation, 8 tested mSil 
N values were larger than the trained ones and 9 tested mSil P values smaller than those of the 
trained mSil. In the N+S situation, best correlation values where obtained when the hand was in 
neutral position (R2 = 0.93 and 0.97). 
 
Fig.  4.6 Regression analysis between trained and tested mSil values of the 10 subjects for the 
concatenated tested hand postures (P: blue squares; N: black circles; S: red circles). In each 
panel, some of the 2 hand tested postures results are linked by a vertical dashed or solid line for 
easy pairing. The 2 best (S1, S6) and 2 worst (S8, S9) performers are identified. Green dashed 




Studies on muscle synergy are usually related to the activity of many muscles acting 
together to perform a given motor task. For the first time to our knowledge, synergy results are 
reported for a single multifunctional muscle, the biceps brachii. This suggests that activity of 
this muscle is representative of the activity of different “muscles” which could be anatomically 
associated to the individually innervated compartments observed on its posterior view (Segal, 
1992). From the signals collected from 8 equidistant electrode pairs placed across the biceps, 
three muscle synergies were sufficient to provide a coefficient of determination of 90% with the 
recorded signals of those “muscles”. With those 3 synergies, it was possible to identify, between 
2 static hand postures, which one was taken by the subject when a given set of EMG signals 
were recorded. Those muscular synergies results are comparable to those of other authors, such 
as Rasool et al. (2016) who collected 5 signals at equal distance around the forearm and found 
that 2 and 3 synergies were needed to detect respectively 1 and 2 DoFs of wrist movements. 
Likewise, Torres-Oviedo and Ting (2007) with 16 legs and lower back muscles found that 4 to 
6 synergies were involved in the postural standing reflex following a perturbation randomly 
oriented around their subjects. 
Two arm postures, two elbow angles and three hand postures were tested. As can be 
observed in 3D views of Fig. 4, positions of the synergy coefficient clusters in the Seat (100° 
elbow angle) are quite different than in Stand (180°elbow angle) posture. If a similar situation 
can be observed with the biceps of below elbow amputees, they will have the possibility to 
control more than one action of their prostheses with that muscle. In the event that separable 
clusters could still be observed with intermediate elbow angles, additional control signals would 
then be obtained. 
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As can be observed in Table 1, the presence of many 100% scores indicates that some 
subjects could produce successively very similar 3 or 4 contractions. This was the case for S1 
in the Seat posture and S6 in the Stand posture. That ability was not shared by everyone since a 
0% classification result (greyed cells in the table) occurred 10 times for 5 sub-jects. In Table 1, 
mean classification result of the 10 subjects in Seat posture is higher (84.4±28.9%) than in Stand 
posture (80.9±29.2%)2 indicating that it is more difficult in the Stand posture to produce similar 
contractions when the arm is fully extended horizon-tally to the side than when it is close to the 
body with an elbow angle of 100° when Seat. We have unpublished data, where similar 
classification results were obtained by 3 below elbow amputees tested in similar experimental 
conditions. 
In each experimental dataset, the first trial out of 3 or 4 was always used for training. To 
verify if this was an appropriate strategy, mSil values obtained with the trained trials of each 
subject were compared with their mean mSil values obtained from the 2 or 3 tested trials. As 
observed in Fig. 6, the mean tested mSil values of some subjects were, in certain conditions, 
above the dashed diagonals representing the trained trials. This suggests that having chosen a 
training trial with a mSil value in the middle of the 3 or 4 mSil values in a dataset, better 
classification results could have been obtained. In the Seat posture (Fig. 6A) when P and N 
signals are concatenated, a low R2 coefficients (0.35) is obtained for the N results while for the 
same N data concatenated with the S posture, it is the S results which present a low R2 
coefficients (0.24). A somewhat similar situation can be observed in the Stand posture (Fig. 6B) 
where lower R2 values (0.70 and 0.71) are also obtained for the N posture when concatenated 
                                                 
2 High standard deviation values are due to the skewness of the classification results as shown in Fig. 5. 
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with P and for S posture when concatenated with N. Since similar contractions in the Seat 
posture are easier to produce than in the Stand one, less compact clusters were expected in the 
Stand posture not in the Seat one. We presently have no explanation for those results. So, to 
control a myoelectric pros-thesis, it has to be expected that some subjects will perform better 
than others and that in some postures, signals generated by the biceps will lead to easier 
production of a movement than when in other postures. 
Table  4.2 Effects of EMG window size on mean classification results of the 10 subjects. 
Window size reduction induces a small reduction in the classification rate. 
 
Raw EMG signals were processed here with a 815 ms window width because it provided 
the best classification results with our EMG signals recorded under a constant biceps’ 
contraction level. However, such window would be too large for real-time myoelectric control 
application where the maximal acceptable delay is 200-300 ms including processing time of the 
algorithm. Hence, we tested smaller window widths of 400 and 200 ms and found that this 
resulted in only a small reduction in the classification rate (Table 2). As for the processing time, 
 
60 
it takes approximately 20 ms to classify a tested trial; so, this time can be neglected being in the 
range of acceptable delay. 
Here, the synergy of 8 signals of the biceps were used off-line with simple tasks, i.e. for 
the classification of 2 pairs (P+N, N+S) of hand postures. This at first would be no better than 
what is already achieved by two channels commercially available prostheses operating without 
any elaborated signal processing or machine learning algorithms. However, the potential of the 
synergy model being part of machine learning methods, more complex motor tasks can be 
foreseen. This is supported by works we reported elsewhere (He and Mathieu, 2017a, He and 
Mathieu, 201b) with results from pilot studies showing that our method can not only off line 
classify three hand static postures, as in this paper, but also can online classification any of eight 
different arm postures. 
Recognizing that this still misses an important aspect of prosthetic arm operations, 
namely a proportional control, further work must be done to investigate its implementation in 
the synergy model. This will be initiated in an upcoming online data acquisition of different 2D 
movements of the arm of 10 normal subjects, results on proportional control and the effects of 
holding two different loads will be obtained. 
4.5. Conclusion 
For the first time to our knowledge, muscle synergy was extracted from a single muscle, 
the biceps brachii as if there are muscles within that multifunctional muscle. Applying silhouette 
clustering index and Euclidean distance classifier on muscular synergy coefficients, a mean 
classification success rate of >80% was obtained between two static hand postures. Besides 
offline classification of three static hand postures, the approach can also be used for online 
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identification of pairs of 8 arm postures as demonstrated in two pilot studies. It thus appears that 
information in the biceps’ synergies coefficients could facilitate the control of myoelectric 
prostheses when amputation is close to the elbow joint while for an amputation close to the wrist 
joint, it would be simpler to flex the elbow joint with the biceps and use forearm muscles to 
activate wrist articulation and prepare the hand to pick up an object. For a trans-humeral 
amputation, close to the shoulder, the multifunctional deltoid, trapezius or the pectoralis major 
could be at the origin of many EMG signals. 
We believe our approach has the potential to open new avenues in upper arm prosthetic 
control and in other controls where multifunctional muscles are involved. We recognize that to 
convincingly become clinically relevant, a larger number of classes, a combination with 
(clinically required) proportional control should be investigated. The encouraging results we 
currently obtain provides a valuable support to reach this goal. 
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5. Biceps Brachii Muscle Synergy and Target Reaching in a 
Virtual Environment 
This article has just been submitted to the Journal of Frontiers in Neurorobotics. Within 
a virtual cube presented on a computer screen, a red sphere position is controlled by the signals 
from biceps brachii of 12 subjects in order to reach 4 different targets. The control signals are 
obtained with muscle synergy extracted from the biceps of each subject when 8 different static 
postures were taken by their right upper limb. In this project, I realized all the programs and 
graphic interfaces for the human computer interaction, recruited 12 subjects, collected the 
experimental data, and prepared the preliminary draft of the article. Professor Mathieu 
supervised the research, designed the evaluation routine, and revised the article. Both authors 
contributed to the final version of the article. With this project, we demonstrated that muscular 
synergy from the biceps brachii could facilitate the control of myoelectric prosthesis with which 




Biceps Brachii Muscle Synergy and Target Reaching in a Virtual Environment 
Liang He, Pierre A. Mathieu 
Biomedical Engineering Institute, Université de Montréal, 
Montréal, QC, H3T 1J4, Canada 
 
Abstract 
A muscular synergy is a theory suggesting that the central nervous system uses few 
commands to activate a group of muscles to produce a given movement. Here, we investigate 
how a muscle synergy extracted from a single muscle can be at the origin of different signals 
which could facilitate the control of modern upper limb myoelectric prostheses with many 
degrees of freedom. Five pairs of surface electrodes were positioned across the biceps of 12 
normal subjects and electromyographic (EMG) signals were collected while their upper limbs 
were in 8 different static postures. Those signals were used to move, within a virtual cube, a 
small red sphere toward different targets. With 3 muscular synergies extracted from the 5 EMG 
signals, a classifier was trained to identify which synergy pattern was associated with a given 
static posture. Later, when a posture was recognized, the result was a displacement of a red 
sphere toward a corner of a virtual cube presented on a computer screen. The axes of the cube 
were assigned to the shoulder, elbow and wrist joint while each of its the corners was associated 
with a static posture. The goal for subjects was to reach, one at a time, the 4 targets positioned 
at different locations and heights in the virtual cube with different sequences of postures. The 
results of 12 normal subjects indicate that with the muscular synergies of the biceps brachii, it 
was possible, but not easy for an untrained person, to reach a target on each trial. Thus, as a 
proof of concept, we show that features of the biceps muscular synergy have the potential to 
facilitate the control of upper limb myoelectric prostheses. To our knowledge, this has never 
been shown before. 
 
66 
Keywords: Biceps brachii, muscle synergy, upper limb posture classification, target 




Important progress has recently been made in the design of multiple degrees of freedom 
(DoF) upper limb myoelectric prosthesis (Lenzi et al., 2016) and this has led the production of 
commercially available units, such as the Luke Arm (Mobius Bionics, 2017). Such advanced 
prostheses can be most valuable to amputees in their daily living. Multiple DoFs implies that 
multiple control signals have to be derived from EMG signals. To that end, Daley et al. (2012) 
used a linear discriminant analysis (LDA) to classify 12 different wrist and hand movements of 
normal subjects using 8 optimally placed electrodes on the forearm. Similarly, Ameri et al. 
(2014) used an artificial neural network (ANN), where visual training was considered better 
than force training to simultaneously estimate intended movements of multiple joints. 
Comparing the classifiers performance, Adewuyi et al. (2016) found for non-amputees and 
partial-hand amputees that LDA and ANN perform better than the quadratic discriminant 
analysis. Betthauser et al. (2018) developed a robust sparsity-based adaptive classification meth-
od to get a classification system which is appreciably less sensitive to signal deviations between 
training and testing. When they tested it on 8 able-bodied and 2 transradial amputee subjects 
with 8 electrodes pairs regularly spaced around the proximal forearm, it was found that their 
approach significantly outperformed other movement classification methods. 
In addition to such approaches, the concept of muscle synergy was proposed to examine 
how the brain could efficiently command various muscles to produce different movements. For 
instances, to understand the posture balancing reaction of humans on a platform submitted to 
various perturbations in the horizontal plane, Torres-Oviedo and Ting (2007) used muscle 
synergies between 16 leg and lower-back human muscles. Muceli et al. (2010) found synergy 
among 12 muscles of the upper limb of 8 subjects when reaching tasks were performed in the 
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horizontal plane. To extract muscle synergies, various approaches can be used such as principal 
component analysis (PCA), independent component analysis (ICA) and non-negative matrix 
factorization (NMF). Amongst those, Tresch et al. (2006) considered that the NMF algorithm 
(Lee and Seung, 2001) was more physiologically relevant than the others given that a muscle 
can only be active at various contraction levels (positive) but never below rest (negative). 
Features of muscle synergies are often used for classification purposes (Delis et al., 
2013). For instance, Naik and Nguyen (2015) used NMF processed data to classify the finger 
gesture of two forearm muscles. Similarly, Rasool et al. (2016) used forearm muscles for real-
time classification of hand open/close, wrist flexion/extension and forearm 
pronation/supination. Antuvan et al. (2016) used extreme learning machines and muscle synergy 
features to classify upper limb postures involved in elbow flexion /extension and shoulder 
flexion/protraction/retraction and rest posture. Muscle synergy has also been applied to upper 
limb muscles for proportional control related to prosthetic applications (Jiang et al. 2009; Ma et 
al., 2015). 
As for our research it is focused on the multifunctional biceps brachii muscle which is 
involved in shoulder elevation, elbow flexion, and forearm supination (Landin et al., 2008, 
Jarrett et al., 2012). There is also anatomical evidence to support its multifunctionality: besides 
its division into 2 heads, its inner surface appears to be further divided into up to 6 compartments 
which are each innervated by a branch of the musculocutaneous nerve (Segal, 1992)3. 
Multifunctionality is also supported by physiological evidence: ter Haar Romeny et al. (1984) 
                                                 
3 Anatomically, compartments are not unique to the biceps brachii. They are also present in the deltoid, the 
pectoralis major and the latissimus dorsi at the shoulder level (Brown et al., 2007) which are less frequently studied 
than the biceps. 
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found that during different functional tasks of the upper limb, motor units of the biceps were 
activated at different locations within the muscle, probably due to activity in different 
compartments. These individual compartments can then be considered as muscles within a 
muscle working together to accomplish functional roles. This situation is somewhat similar to 
the one where anatomically different muscles work synergistically together (Bizzi and Cheung, 
2013). 
This paper reports on an experimental study where the biceps EMG signals are the only 
ones used to identify a static arm posture, out of 5 or 8. The study examines how successive 
postures could be used to develop a trajectory so as to reach a specified target in a virtual 
environment. 
5.2. Materials and methods 
The study was approved by the ethical committee of the Faculty of Medicine at the 
Université de Montréal and the 12 subjects signed a written informed consent form in 
accordance with the Declaration of Helsinki. To participate to the project, the inclusion criteria 
for each subject were: to be without any known history of neuromuscular disorders, be right-
handed and aged between 20 and 35 years old; additional personal information is presented in 
Table 1. 
For each subject, the borders of the biceps brachii were identified by palpation and the 
midpoint considered separating the short head (SH) from the long head (LH). As shown in 
Figure 1A, three pairs of surface electrodes were placed across the SH and two pairs across the 
LH while a reference electrode was placed over the acromion. To avoid the muscle’s innervation 
zone, the upper row of electrodes was positioned 10 mm below the middle of the biceps. 
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Ag/AgCl disc electrodes of 10 mm in diameter (Kendall H69P) were used with a 2 cm vertical 
and horizontal distance between center to center distances. Acquisition of the 5 EMG signals 
was done with customized electronic circuits using a differential amplifier (AD8226, Analog 
Devices) with a gain of 200. The amplified signals were rectified with an op amp (TL084, Texas 
Instruments), high-pass (6.67 Hz) and low-pass (1240 Hz) filtered. Following the low-pass 
filter, a second gain of 10 was obtained using the same TL084 op amp. Following this analog 
processing, signals were digitized (2000 Hz, 12 bits) with a microcontroller (ROBOTIS 
OpenCM9.04). On an ARM Cortex-M3 processor (72 MHz clock), a root mean squared (RMS) 
function was implemented with a window width of 250 ms and a large 70 ms step size due to 
the communication rate of 15 Hz between the microcontroller and a laptop which hosted the 
MATLAB software that provided data processing and a graphical user interface (GUI) for 
interaction with the subject. 









 (cm)  
S1 169 50 17.5 23 
S2 163 48 18.1 22 
S3 167 55 19.7 24 
S4 157 52 21.1 25 
S5 160 58 22.7 24 
S6 172 80 27.0 29 
S7 183 70 20.9 28 
S8 180 75 23.1 30 
S9 170 72 24.9 28 
S10 173 77 25.7 28 
S11 179 83 25.9 32 
S12 183 112 33.4 37 
MEAN 171.3 69.3 23.3 27.5 





Fig.  5.1 Electrodes and postures. (A) Five bipolar surface electrodes were placed across the 
biceps brachii: 2 over the long head (LH) and 3 across the short head (SH). (B) Eight different 
static postures of the right upper arm were used. They are identified with a 3-tuple system [*,*,*] 
respectively representing shoulder, elbow, and wrist joints. For the first * it can be F (flexion) 
or E (extension) for shoulder joint posture, second * can be F or E for elbow joint posture, and 
third * can be P (pronation) or S (supination) for wrist joint posture. 
 
While seated, subjects had to take one of eight different static postures (Figure 1B) while 
facing a computer screen where a cube was displayed. As shown in Figure 2A, each corner of 
the cube was assigned to one of the eight static postures (SP). The normalized axes of the cube 
were defined so the [-1 to 1] range represented the full excursion of the shoulder and elbow 
joints which were either extended or flexed and to the wrist joint which had the hand set either 
in pronation or in supination. Each intermediate position in the 3 axes is interpolated linearly. 
The distance measured between 0 and 1 on the vertical elbow axis is used as the unit against 
which each trajectory length and distance is measured within the cube. Before each trial (Figure 
2B) the red sphere was positioned at the center of the cube and it has to be moved toward one 
of the targets and touch its grayish sphere (diameter: 0.2) within 120 s to be a success otherwise 
 
72 
the trial is a failure. The coordinates of each target are shown in Figure 2C. Each subject made 
three trials to reach a target. 
 
 
Fig.  5.2 Virtual target reaching. (A) Each of the 8 chosen static postures is assigned to a corner 
of a virtual cube displayed on a computer screen. Each axis of the cube represents the normalized 
angular changes at the shoulder, the elbow and the wrist joint. Experiments were done with the 
8 illustrated postures and with a subset of 5 postures which are identified with a blue font. On 
the Elbow axis, the distance between 0 and 1 is used as the reference length to which distance, 
length and diameter measures are compared. (B) 3D view of the 5 targets within the cube. In 
each trial, the initial position of the red sphere is in the center of the cube and subjects have to 
move it so that it reaches one of the targets, which have a diameter of 0.2 including their greyed 
surrounding. The red sphere is only a point in the program, but it is displayed with a given 
diameter to make it visible to the subjects. (C) 3D coordinates of the 5 targets. 
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Figure 3 presents a flow chart of the MATLAB program used from EMG pre-processing 
up to displaying the position of the red sphere within the virtual cube. An NMF algorithm was 
used to extract muscle synergies from pairwise postures as done previously (He and Mathieu, 
2018); details of the method are presented in Appendix 1 and 2. The muscle synergy is extracted 
from concatenated EMG signals of two different postures, and since no labeling information of 
the data is required, when a muscle synergy is extracted from concatenated EMG, the classifier 
should have the power to detect a difference between each paired posture. This power is 
determined by a signal-to-noise ratio (SNR) where the signal is the difference between paired  
 
Fig.  5.3 Flow chart of computer program. Five raw EMG signals from the biceps are smoothed 
① with a RMS filter. ② sEMG signals from paired postures are concatenated before extracting 
muscle synergy with a nonnegative matrix factorization (NMF) program. ③ Cluster mean 
values of the muscle synergy from pairwise postures are used to train a classifier. ④ To improve 
the classification accuracy, the clusters formation is evaluated with the silhouette clustering 
index. ⑤ Classification of paired postures is obtained using the minimum Euclidean distance 
between them. In stage ⑤ a “winner-takes-all” method is used to make simultaneous posture 
classifications. In ⑥, the virtual cube, a switched system is used to move the red sphere toward 
a target within the cube. 
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postures and noise is the dissimilarity of the clusters associated to each posture in the pair. The 
silhouette index of Rousseeuw (1987) was used to measure the discrimination power of the 
muscle synergy (i.e. how easy to identify different clusters). Some details of the silhouette index 
are also presented in Appendix 1. In the absence of a unique solution, the NMF algorithm was 
applied many times (n=30) on the same pairwise posture of EMG data to find the best solution, 
as shown in Appendix 2. 
For an online classification of the 8 SPs of the upper limb, binary classifiers (Fürnkranz, 
2002) were used with a round robin method (Park and Fürnkranz, 2007) which transforms binary 
classifiers into a posture classifier. The number of postures to be classified is a parameter of the 
classifier which determines the number of binary classifiers. With 8 static postures, the number  
 
Fig.  5.4 Posture classification example where the maximum number of paired posture 
classification is 8*(8-1)/2=28. Out of those there are 21 thin blue lines representing paired 
posture classifier associated with postures other than FFS which were taken by a subject. 




of pairwise posture classifiers needed to obtain a posture classification is 8 x (8-1)/2= 28. The 
governing equation in the binary classifier is the measured Euclidean distance between the tested 
pattern and the learned class reference (Appendix 1, equations A1.3 and A1.4). In Figure 4, the 
21 thin lines connecting a pair of 8 postures represent a trained binary classifier and the 7 thick 
lines related to the round robin method are used to identify a posture such as FFS. For the 5 SP 
condition (a subset of the 8 SPs), 10 pairwise posture classifiers are used. The posture identified 
with the posture classifier is fed to an intermittent controller. 
5.2.1. Intermittent controller 
For each trial, the initial location of the red sphere is at the center of the cube and when 
a first static posture taken by the subject to reach a target is identified by the classifier (Figure 
5), the intermittent controller (Gawthrop et al., 2011) moves the red sphere toward the corner of 
the cube associated to the detected posture. If the target is not reached, additional posture 
changes are produced up to when the target is reached or when a 120 s time limit expires. Within 
the intermittent controller a discrete state switch control is used to compare the new joint posture 
with the previous one. Then, the activated joints are only those where a change had occurred. 
For example, in a FFS to FEP posture change, the shoulder joint (first F in both postures) will 
be inactivated and the red sphere will move, from flexion (F) to extension (E) along the elbow 
axis, and simultaneously on the wrist axis, from supination (S) to the pronation (P). When a 
change occurs simultaneously at the 3 joints as from EFS to FEP, the shoulder joint will only 
be activated and the red sphere will move, along the shoulder axis from extension (E) to flexion 
(F). As for the 2 other joints, they will remain inactive until the subject makes another posture 




Fig.  5.5 Intermittent control with switch. The input of an arm posture classifier is fed to an 
intermittent controller that determines which switch to close in order to move the red sphere 
accordingly with the subject’s posture. The movement of the red sphere in each of the three joint 
axes is produced with a 2nd order system whose transfer function is given by Equation 1. The 
subject used the movement of the red sphere within the cube as visual feedback to produce 
sequential posture changes, and the objective was to reach a target in the cube. 
 
5.2.2. Red sphere displacement 
The position of the red sphere in the cube corresponds to the position of the 3 joints of 
the upper limb of a subject and a static posture change is associated with a step function input 
to a second-order system and the output is a continuous displacement of the red sphere toward 
the appropriate corner. For this second-order system (Equation 1), the resistance to the 
movement of the red sphere is associated with 𝜔𝜔𝑛𝑛 (a large value produces a larger resisting force 
to the displacement) and resistance to speed change of the red sphere is associated with δ (a 








                                 (1) 
where C(s) is the output to the red sphere and R(s) is a step function associated with each static 
posture change made by the subject. The dynamic parameters of the red sphere’s movement 
(𝜔𝜔𝑛𝑛 = 0.39 and δ = 1) were the same for each subject. When a new posture is identified while 
the red sphere is still moving; the red sphere immediately changed its direction under the 
actuation of the intermittent controller. To move the red sphere anywhere within the cube, at 
least 4 static postures are needed. 
5.2.3. Protocol 
The day before the experiment, each subject came to the laboratory to view a short video 
demonstrating how to produce each of the 8 static postures illustrated in Figure 1B and during 
approximately 150 minutes, they practiced controlling the movements of the red sphere. The 
next day, during the experiment, targets 1, 2, 3, 4 had to be reached in succession with 5 SPs 
and targets 1, 2, 3, 5 with 8 SPs. Targets 1, 2, 3 were thus considered with both the 5 and 8 SP 
groups for comparison purposes. Performance of target reaching was measured with 4 measures: 
1) time in seconds to reach a target; 2) trajectory length made by the red sphere from its initial
position up to reaching a target, or in a failed trial, up to its end position when 120 s was reached; 
3) number of posture changes taken to reach a target or to reach the 120 s for a failed trial; 4)
the distance between the red sphere and the target when 120 s was reached for a failed trial. The 
Runge-Kutta 4 (RK4) method is used to obtain the trajectory length of the red sphere, which is 
obtained from the cumulative sum of Euclidean distances along the numerical solutions. 
During the classifier training and evaluation, subjects kept their arm in each of the 8 
static postures for 10 s, from which the muscular synergies were extracted for classifier training. 
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Next, they kept 3 times each of the 5 or 8 static posture for 5 s, from which the obtained synergies 
were compared online with the trained classifier. For each trial, 30 iterations were produced by 
the classifier and a percentage of good classification was obtained and a mean value obtained 
for each subject for the 5 and 8 SPs condition. 
The NASA task load index (TLX) survey form (Appendix 3) was filled by each subject 
after the experiment. This is a self-evaluation of 6 items: mental, physical, temporal demand 
and level of effort, frustration and performance during the experiment. That feedback could 
provide valuable information to improve the experimental protocol and software programs used 
to process the information. 
5.2.4. Statistics 
A paired t-test was used to compare mean results obtained by the 12 subjects when 5 or 
8 SPs were used. The tested hypothesis was that with 5 SPs, the mean classification results and 
the number of targets reached would be better than with 8 SPs because remembering how to 
reproduce with some fidelity 8 different postures is more mentally demanding than for only 5. 
Where numbers of subjects were different for targets or postures (Figure 7 and 8), independent 
sample t-test were used to test the difference between the compared results. A difference was 
considered significant when p < 0.05 and the IBM SPSS Statistics software was used. 
5.3. Results 
Classification % obtained during the training with 5 and 8 SPs are shown in Table 2A. 
With 5 SPs, the classification of 4 subjects was very good (> 90%), although it was quite poor 
for S12 (31%). With 8 SPs, the mean classification value (of 72 ± 20%) was significantly lower 
(p = 0.001) than with 5 SPs (82 ± 19 %). In Table 2B, each subject’s ratio of the number of 
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reached targets out of 12 (3 trials x 4 targets) is presented. It can be observed that a good 
classification % in the training session was not always associated with a large ratio of reached 
targets. For instance, S2 and S8, who were among the 5 subjects with high classification 
performance, did not reach a single target in the 8 SP condition. As expected however, S12 with 
Table  5.2 Classification and target reaching results. (A) In the training session, mean (± SD) 
classifier accuracy (%) for the 5 and 8 static postures (SP) conditions. Mean values of each 
subject are obtained from 3 trials of 5 s in each of the 5 or in each of the 8 static postures. The 
subjects are sorted from highest to lowest performance in the 5 SP condition. The difference 
between 5 and 8 SP results is significant (p < 0.05). (B) Success ratio (number of successful 
trials over total number of trials) of target reaching trials by each subject. The subjects are sorted 
from highest to lowers performance in the 5 SP condition. In each column the total number of 
trials is 12 (4 targets x 3 trials) for each subject. S3 was the best performer. Between the 5 and 
8 SP results the paired t-test value is 0.281. 
 
A                                         B 
 
   Subjects 5 SP 8 SP  Subjects 5 SP 8 SP 
  Mean±SD Mean±SD    Ratio Ratio 
S5 99±2 87±20  S3 0.67 0.75 
S11 95±4 68±35  S8 0.50 0.00 
S1 94±6 88±25  S7 0.50 0.25 
S2 90±10 83±20  S1 0.42 0.58 
S8 89±9 79±21  S6 0.33 0.33 
S3 87±14 75±43  S5 0.25 0.25 
S4 87±21 90±11  S9 0.25 0.25 
S7 87±15 85±13  S11 0.17 0.17 
S9 85±15 72±26  S4 0.17 0.17 
S10 76±16 64±26  S2 0.08 0.00 
S6 60±36 49±45  S10 0.08 0.08 
S12 31±45 22±42  S12 0.08 0.00 




the lowest classification results could only reach 1 target with 5 SPs and 0 with 8 SPs (ratio: 
0.08 and 0.00). For the group, the mean ratio of target reached was higher with 5 SPs (0.29 ± 
0.18) than with 8 SPs (0.24 ± 0.23) but this difference was not significant (p = 0.281). 
Figure 6 illustrates 2 trajectories of the red sphere which was controlled by S3 trying to 
reach target 2 with 5 SPs. In panel A, an example of a failed trial is shown, where in spite of 72 
posture changes made during 120 s, the red sphere was still at a distance of 0.684 from target 2 
after a trajectory length of 14.74. The same subject was far more successful in another trial 
(panel B) where the same target was reached with only 4 posture changes within 9 s. 
 
Fig.  5.6 Trajectories taken by S3 to move the red sphere toward target 2 in the 5 SP condition. 
(A) An unsuccessful 1st trial in spite of 72 posture changes where the final red sphere position 
after 120 s was at a distance of 0.68 (small black circle) from the target. (B) In the 3rd trial, the 
target was reached within 9 s with only 4 posture changes. 
                                                 
4 Length is referenced to the 0 to1 distance on the elbow axis (Figure 2A). 
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The mean time to successfully reach the targets is shown in Figure 7A. Target 1 was the 
easiest to reach with a mean time of 38 s and 20 s for the 5 SP and 8 SP condition, respectively, 
and target 3 was the most difficult to reach with 59 s and 55 s. These mean values are the results 
of significant variations among the subjects and no significant difference was found between 
those results. Reaching target 1 was achieved with a smaller number of posture changes (panel 
B) than for the other targets. With 8 SPs, a significant difference was found between targets 1 
and 2 and between 1 and 5. For trajectory length (panel C), a significant difference was obtained 
with 8 SPs between targets 1 and 3 and with 5 SPs between targets 2 and 3. 
 
Fig.  5.7 Successful trials, mean results (+sd) of the 12 subjects with 5 (blue bars) and with 8 
static postures (orange bars). (A) Mean time needed to reach each target. Number of subjects 
who reached a target at least once is shown in white. (B) Mean number of posture changes 
needed to reach each target. For 8 static postures, there is a significant difference in the number 
of posture changes between targets 1 and 2 as well as between target 1 and 5. (C) Mean trajectory 
length needed to reach each target. Differences between targets 1 and 3 are significant for 8 
static postures as well as targets 2 and 3 for 5 postures. Significance of independent samples t-
test level is p ≤ 0.05. 
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Results for failed trials are shown in Figure 8. In panel A, it is seen that mean distances 
separating the red sphere from target 2 at the end of 120 s are smaller than those for the other 
targets. For the 5 SP condition the differences are significant between targets 1 2, 3 and 4 while 
for the 8 SP condition the difference is only significant between targets 2 and 3. While mean 
distance varied between 0.8 and 1.3, the smallest distance (0.1) was found with 5 SPs for target 
2 and with 8 SPs for target 1 and the largest was 0.8 (white number) for the 8 SPs condition at 
target 3. As for the number of mean posture changes (panel B), they were always smaller with 
5 SPs than with 8 SPs and the only significant difference was for 5 and 8 SPs at target 3. The 
mean trajectory lengths of the red sphere (panel C) were all equally elevated for 5 and 8 SPs. 
 
Fig.  5.8 Results of failed trials. (A) Mean distance (+sd) between the red sphere and a target at 
120 s for 5 (blue bars) and for 8 static postures (orange bars). White numbers represent the 
minimum distance between the red sphere and a target at 120 s. For the 5 SP condition, 
differences between targets 1 and 2, targets 2 and 3 and targets 3 and 4 are significant. For the 
8 SP condition, the difference between targets 2 and 3 is significant. (B) Mean number of posture 
changes at the end of each trial. For target 3 the difference between 5 and 8 SP conditions is 
significant. (C) For each target, the mean trajectory length of the red sphere during 120 s 
(independent samples t-test significance is p ≤ 0.05). 
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The results of the NASA task load form are presented in Table 3. As a group, subjects 
considered that physical and mental demands to identify which static posture to choose to move 
the red sphere were high (15.3/20 and 14.0/20). As for the temporal demand, the limit of 120 s 
appeared adequate and the time spend in the lab not too long (10.4/20). In general, subjects were 
not very satisfied with their performance (7.2±3.7) and somewhat frustrated (12.8±4.9) from not 
having reached the targets more often. At the individual level, the best performer (S3) ranked 
both the physical and mental demands at a high 17/20 and frustration at the highest score of 
20/20, for not being able to reproduce the postures correctly in order to reach more targets. 
While S2 got over 80% for the training classifier accuracy results (Table 2A), this subject could 
only reach one target (Table 2B). This subject considered the performance quite low (4/20) and 
Table  5.3 NASA task load index (TLX) rates 6 factors (left column of the table) that are used 
to assess the subjective workload associated with the experiment. The three top factors are 
related to constraints associated with the tasks to be realized (demand) and the 3 bottom factors 
are related to the feelings associated with those tasks (own). Each factor is scaled from 0 to 20: 
higher values represents higher demand or higher performance. Mean values of the 12 subjects 
are shown in the second column of the table. Individual results are shown for the best performer 












(S2)   (S12) 
physical  
demand  15.3±2.8 17 14 13 
mental  
demand 14.0±3.6 17 15 9 
temporal  
demand 10.4±6.0 11 14 13 
own  
performance 7.2±3.7 15 4 5 
own  
frustration 12.8±4.9 20 16 8 
own                      




was very frustrated (16/20). While the other low performer (S12) missed most of the targets, 
this subject considered, unexpectedly, that the experiment was not very mentally demanding 
and was not frustrating. 
5.4. Discussion 
Modern upper limb myoelectric prostheses are now able to produce many different 
movements. However, following an amputation, the number of available muscles to control 
them is reduced and strategies to alleviate that shortage have to be developed. When the biceps 
brachii is still functional, one strategy could be the extraction of more than one control signal 
from that muscle. To investigate that possibility with non-amputee subjects, 5 pairs of surface 
electrodes were put across this multifunctional muscle. With 2 postures for each shoulder, elbow 
and wrist joints 8 different static postures in the sagittal plane were used to control the 
displacement of a cursor toward different targets placed within a virtual cube. Results were 
obtained in 2 experimental conditions: one with 5 out of the 8 static postures and one with all 8 
static postures. 
To associate a red sphere direction to each of the 8 static postures, a training phase was 
used. After having done that with each subject, we verified the ability of a classifier to correctly 
recognize each of the 8 SPs. As shown in Table 2A, an important difference is observed between 
results of S5 at the top of the table and S12 at its bottom. Ability to remember how to reproduce 
with high fidelity 5 or 8 different static arm postures was thus quite variable among our subjects. 
With, a group mean value with 5 SPs being significantly larger than with 8 SPs (p= 0.001), this 




Since the classifier accuracy of the above results were obtained online, no data was 
available for an offline cross-validation. However, the classifier training was with unsupervised 
synergies and their features formed nonoverlapping clusters. Thus, the discrimination capacity 
of the learned linear classifier is not an important concern since the receiver operating 
characteristic curve (ROC) of those features always occupies the upper half triangle. However, 
it is still possible that when a subject chooses a static posture, a misclassification occurs, causing 
the cursor to move in an unexpected direction, which is confusing for the subject. To prevent 
such situations, the use of a sparse representation of the classified postures as proposed by 
Betthauser et al. (2018) has to be added to our programs. 
From the starting position of the red sphere (Figure 2B), targets 1 and 5 (which are 
located near a corner of the cube) could easily be reached by taking the FFS or EFS posture 
respectively because the initial posture that starts the movement of the red sphere actives 
movement in all three joint axes towards the corner corresponding to that posture. Those easy 
reaching strategies were used by only few subjects. Targets located at a distance from a corner 
were more difficult to reach since different postures had to be sequentially taken to reach them. 
Among the 8 SPs, different subsets of 5 postures could have been chosen. The present 
choice was based on the main contribution of the biceps to the elbow flexion and forearm 
supination. As for the low mean target reaching ratios (< 0.30, Table 2B) and especially for 
subjects S2 and S12 who reached only one target over 12 trials with 5 SPs and 0 targets with 8 
SPs, classification accuracy could be improved by replacing the present classifier by a support 
vector machine or an artificial neural network classifier. Also, the short training period the day 
before the experiment could be replaced by more training sessions as illustrated by one person 
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of the lab who, having repeated the protocol 4 times, reached a 90% success rate with 5 SPs and 
58% with 8 SPs (unpublished results). 
Classification results could also be improved by the addition of anatomical information 
on the biceps when the upper limb is in different postures. With an ultrasound probe placed at 
the biceps level where recording electrodes had been previously placed, changes in its shape 
and displacements relative to the skin surface were observed (unpublished results). In the future, 
with ultrasound images obtained before an experiment, position of the electrodes over the biceps 
could be optimized. 
From the results of the NASA task load index, physical and mental demands have the 
highest scores indicating that our present approach to reach targets is not very intuitive. The 
difficulty of controlling their prostheses frequently leads amputees to leave them in a closet. 
Thus, it is suggested to replace the step by step cursor control of a red sphere in a virtual cube 
by a more realistic situation where the biceps’ synergy would control a small humanoid robot 
for reaching objects within an arm’s length. This would be a more realistic situation to the one 
shown in a video where the experimented person of the lab controlled a small humanoid robot 
arm with muscular synergies of the biceps (http://www.igb.umontreal.ca/). 
5.5. Conclusion 
We present a proof of concept that the muscular synergy extracted from a single muscle, 
the biceps brachii, could facilitate the control of an upper limb prosthesis. This was 
demonstrated by collecting 5 surface EMG signals of the biceps of 12 normal subjects who put 
their arm in 8 different static postures. Using a non-negative matrix factorization program, 3 
muscular synergies were extracted and following a training session, a classifier could identify 
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each of those 8 postures. Then, within a virtual cube displayed on a screen, subjects could, with 
5 and 8 different static postures, move a red sphere toward the targets. The number of targets 
reached was higher with 5 choices of posture than with 8 choices. The reasons for a low mean 
number of reached targets (around 30%) were a lack of training of our subjects before the 
experiment and a classifier that was not lenient enough. While the biceps may not be available 
for above elbow amputees, a muscular synergy may then be extracted from muscles near the 
shoulder such as the deltoid, the pectoralis major and the latissimus dorsi, which are also 
multifunctional. 
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Synergy extraction from pairwise postures 
For muscle synergy extraction, EMG signals from concatenated pairwise postures are 
used. The process of muscle synergy extraction involves a dimensionality reduction where three 
muscle synergies are extracted from 5 EMGs of the biceps. Given a concatenated EMG dataset, 
E, two matrices H and W are obtained with the NMF algorithm 
𝐸𝐸5×𝑛𝑛 = 𝑊𝑊5×3 ∙ 𝐻𝐻3×𝑛𝑛            (A1.1) 
where 𝑊𝑊5×3 is the muscle synergy matrix, and 𝐻𝐻3×𝑛𝑛 is the matrix of muscle synergy 
coefficients. Given pairwise postures, the synergy coefficient from the first posture is defined 
as 𝐻𝐻1 and the second is 𝐻𝐻2. Their mean values i.e. 𝐻𝐻�1 and 𝐻𝐻�2 are used to train the minimum 
distance classifier. The muscle synergy matrix 𝑊𝑊 is used for estimation of the synergy 
coefficient from the EMG signals acquired during evaluation as follows: 
𝐻𝐻�𝑖𝑖
3×1 =  𝑊𝑊5×3−1𝐸𝐸𝑖𝑖5×1    (A1.2) 
where 𝑖𝑖 is the sample number in sequentially acquired EMG signals. The distance measured 
from the estimated synergy coefficient is given as follows 
𝐷𝐷1𝑖𝑖 =  �𝐻𝐻�𝑖𝑖 −  𝐻𝐻�1�    (A1.3) 
𝐷𝐷2𝑖𝑖 =  �𝐻𝐻�𝑖𝑖 −  𝐻𝐻�2�    (A1.4) 
where the Euclidean distance is used as the metric measure. The minimum distance classifier 
determines the classification result as follows 
𝑖𝑖𝑖𝑖 𝐷𝐷1𝑖𝑖  <  𝐷𝐷2𝑖𝑖 , 𝑡𝑡ℎ𝑒𝑒𝑒𝑒 𝑡𝑡ℎ𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝𝑟𝑟𝑒𝑒 𝑎𝑎𝑝𝑝𝑝𝑝𝑝𝑝𝑐𝑐𝑖𝑖𝑎𝑎𝑡𝑡𝑒𝑒𝑎𝑎 𝑤𝑤𝑖𝑖𝑡𝑡ℎ 𝐻𝐻�𝑖𝑖  𝑖𝑖𝑝𝑝 𝑝𝑝𝑖𝑖 1𝑠𝑠𝑡𝑡  𝑐𝑐𝑆𝑆𝑎𝑎𝑝𝑝𝑝𝑝, 𝑝𝑝𝑡𝑡ℎ𝑒𝑒𝑟𝑟𝑤𝑤𝑖𝑖𝑝𝑝𝑒𝑒 2𝑛𝑛𝑛𝑛𝑐𝑐𝑆𝑆𝑎𝑎𝑝𝑝𝑝𝑝 
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The classification presented here is called the pairwise posture classifier and it uses the 
muscle synergy coefficient obtained from the paired postures for classifier training and 
estimation of the muscle synergy from EMG using the pseudo inverse of the synergy matrix, 
𝑊𝑊5×3. 
Silhouette index (Rousseeuw, 1987) 
To improve the discrimination power of the metric based classifier, the Silhouette 
clustering validation index, 𝑆𝑆, is used to evaluate the muscle synergy clustering from the 
pairwise postures. The Silhouette index is given as follows: 
𝑆𝑆𝑖𝑖 =  
𝑏𝑏𝑖𝑖− 𝑎𝑎𝑖𝑖
max(𝑎𝑎𝑖𝑖,𝑏𝑏𝑖𝑖)
   (A1.5) 
where 𝑎𝑎𝑖𝑖 is the average distance of synergy coefficient 𝑖𝑖 in one cluster to all other synergy 
coefficient values in the same cluster, and 𝑏𝑏𝑖𝑖 is the minimum average distance from synergy 
coefficient 𝑖𝑖 in one cluster to all synergy coefficients in the other cluster. The value of 𝑆𝑆𝑖𝑖 varies 
from −1 to 1. A large 𝑆𝑆𝑖𝑖 value means the discrimination power is high. The average value of 𝑆𝑆𝑖𝑖 
is used to determine the discrimination power of muscle synergy coefficients obtained from 
pairwise postures: 
𝑆𝑆 =  1
𝑛𝑛
∑ 𝑆𝑆𝑖𝑖𝑛𝑛𝑖𝑖=1                            (A1.6) 
5.Appendix 2 
Multiple synergy extraction 
In Algorithm 1 (below), 𝑇𝑇 is the predefined number of reinitiated NMF extractions, 𝑆𝑆 is 
the Silhouette index value (initialized at -1), 𝐸𝐸 is the concatenated EMG signal from paired 
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postures, 𝐿𝐿 is the cluster label, and 𝑊𝑊 and 𝐻𝐻 are the synergy matrix and synergy coefficients 
from the NMF algorithm. 
Algorithm 1 Clustering Validation Index for Paired Postures (Pos1, Pos2) 
1: procedure CLUSER VALIDATION (T, S, E, L, W, H) 
2: T = 30 
3: S = -1 
4: {E, L} = {Pos1, Pos2} 
5: {W, H} = {I, 0} 
6: for each i in T do  
7: {newW, newH} = NMF(E) 
8: newS = Silhouette Index (newH, L) 
9: if newS > S then  
10: S = newS 
11: {W, H} = {newW, newH} 
12:  end if  
13: end for 
14: Return S, W, H, L 








6. Complementary Results 
6.1. Effect of practice 
With each of the 12 subjects, the static posture classification and target reaching 
experiment results were obtained from a single experimental session. Here, the results of an 
experienced subject, who had many practices with the program, are presented. All results were 
obtained with the subject’s left arm and with the same protocol as the 12 subjects used. Each 
experimental session was separated from others by an interval varies from 1 day to 4 weeks. In 
Table 6.1, the results of successful trials obtained with 4, 5, and 8 static postures as control input 
are presented. The 4 postures (FFS, FFP, FES, and EFS) were included in the results because 
the subject had sufficient time to obtain those results in many laboratory sessions, but this was 
not the case for the 12 subjects who had only a few hours to complete their experiments. 
Among those experiments, two types of electrode (Kendall H59P and Kendall H69P, 
Covidien, Dublin, Ireland) were used. The H59p electrodes were readily available in the 
laboratory, but they were replaced with H69p electrodes because of lack of sensitivity in the 
former due to long-term storage. In Table 6.1, the results demonstrate that as the number of 
postures used to control the red sphere movement in target reaching experiment increased, the 
H59p electrode reduced the subject’s performance due to its low sensitivity. The low sensitivity 
of the electrodes reduced the discrimination power of the posture classifier. However, the 
performance was not affected when 4 postures were used as control input to reach targets. 
As shown in Table 6.1, with 4 static postures from three experiments perfect results were 
obtained, and with 5 postures, targets 2 and 4 were more difficult to reach than targets 1 and 3. 
With 8 static postures the number of failed trials was higher with H59p electrodes. With those 
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Table  6.1 Number of successful trials (an experienced subject) with the experimental protocol. 
In each experiment (exp), 4, 5, and 8 static postures were used to reach the same targets as the 
12 subjects tried to reach. Target numbers are T1…T5, and two types of electrodes (Electro) 
were tested (Kendall H59p and Kendall H69p). Only one type of electrode was used in a session. 
To be consistent with the results from 12 experimental subjects, no result is presented in the T5 
column with 5 static postures or in the T4 column when 8 postures were used. With 4 static 
postures, all the targets were tested. The percentage of success (%) is shown in the lower right 




electrodes, there were only 9 successful trials from two experiments out of a total of 24 trials. 
With H69p electrodes, there were 19 successful trials from two experiments. Targets 1 and 3 
were more difficult to reach with H59p electrodes while target 2 was difficult to reach with 
H69p electrodes. Overall, the lower is the number of static postures used to reach targets, the 
higher the success rate becomes. Among the 25 unsuccessful trials, 19 were obtained when 
H59p electrodes (less sensitive ones) were used. 
For successful trials, target reaching time, number of posture changes before reaching a 
target, and trajectory length are shown in Fig. 6.1 when 4, 5, and 8 postures were used as control 
input. The results include experiments when both types of electrode (i.e. H59P and H69P) were 
used. 
As shown in Fig. 6.1A, the mean time required to reach a target is less when 4 postures 
were used as control input to reach targets 1, 2, 3, and 5. 
The number of posture changes (mean + SD) before reaching a target is shown in Fig. 
6.1B. For 4 postures as control input, the number of posture changes before reaching a target is 
smaller on average in targets 1, 4, and 5. 
The trajectory length to reach each target (mean +SD) is shown in Fig 6.1C. For 4 
postures as control input to reach targets, the average trajectory length is shorter when targets 1, 
2, 3, and 5 were evaluated. 
To summarize, 4 postures as control input require less reaching time, smaller number of 
posture changes, and shorter trajectory length on average for most of the targets in comparison 




Fig.  6.1 Target reaching performance in the successful trials of one subject. The number of 
static postures, used as control input, are indicated with different colors (Gray: 4 Postures, Blue: 
5 Postures, and Orange: 8 Postures). For target 4, the 8 postures condition was not presented, 
and for target 5, only 4 and 8 postures were presented. Results were obtained with both H59p 
and H69p electrodes. A: For mean target reaching time, it was the least with 4 postures for 
targets 1, 2, 3, and 5. B: For mean number of posture changes, it was the smallest with 4 postures 
for targets 1, 4, and 5. C: For mean trajectory length, it was also the shortest with 4 postures as 
control input, for targets 1, 2, 3, and 5. 
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6.2. Control of arm movement 
To test the control algorithm for controlling an upper limb manipulator arm, 3D printing 
technology was used to construct a small humanoid manipulator as shown in Fig. 6.2. The 
manipulator was constructed by using the concept of reconfiguration from ROBOTIS 
Educational Kits (Kim, 2016). The humanoid manipulator was assembled from 3D printed 
components as shown in Fig. 6.2. Rivets (RS-10) and smart motors (DYNAMIXEL XL-320) 
were from ROBOTIS (Seoul, Republic of Korea). The number of DoFs of the humanoid arm 
manipulator is 6. There are three DoFs at the shoulder joint, one DoF at the elbow joint, and two 
DoFs at the wrist joint. 
 
Fig.  6.2 3D printed humanoid manipulator arm (rivets and motors were from ROBOTIS): the 
assembled humanoid manipulator has three active joints, i.e. shoulder flexion and extension 
(𝑞𝑞1), elbow flexion and extension (𝑞𝑞2), and wrist supination and pronation (𝑞𝑞3). 
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The humanoid manipulator in 3 static postures is shown in Fig. 6.3. To activate the small 
manipulator, the 8 predefined static postures, as illustrated in Fig. 3.3A, were used, and a video 
was made when a subject took each of those 8 static postures (http://www.igb.umontreal.ca/). 
Out of the video, 3 frames are presented in Fig. 6.3 with a small icon illustrating each posture 
that the subject took. 
 
Fig.  6.3 Three postures taken by the small humanoid manipulator controlled by the 3 postures 
taken by a subject, shown as small icons. A colored LED is used to indicate the wrist position 
of the manipulator. 
 
The small power of the motors used to activate the small manipulator was not enough to 
produce dynamic movements; therefore, a virtual environment was considered for upper limb 
dynamic movement simulation from a virtual avatar (Fig. 6.4). The movement of the three DoFs 
(𝑞𝑞1, 𝑞𝑞2, 𝑞𝑞3) of the upper limb was simulated with Runge-Kutta 4th order (RK4) method to 
obtained numerical solution, and the dynamic model parameters of the system were obtained 




Fig.  6.4 Three joints upper limb model. A: 3D virtual avatar in MATLAB virtual world. B: All 
the movements of the upper limb of the avatar are constrained in sagittal plane: Shoulder flexion 
and extension (𝑞𝑞1), elbow flexion and extension (𝑞𝑞2), and wrist supination and pronation (𝑞𝑞3). 
 
The 3D virtual avatar was developed by 3Name3D in the MATLAB virtual world (Fig. 
6.4 A). It can perform three joint movements at shoulder (𝑞𝑞1), elbow (𝑞𝑞2), and wrist joint (𝑞𝑞3). 
For the extension and flexion at the shoulder joint, the movement range is limited to 45° at 
flexion and to −45° at extension. For the extension and flexion at the elbow joint, the movement 
range is between −45° at extension and 45° at flexion. For the pronation and supination at the 
elbow joint, the movement range is limited to −90° at the pronation and to 90° at supination. 
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The avatar arm movement is controlled by a nonlinear control law with feedback 
linearization (Slotine and Li, 1991) through the direct commands to the handle or joint node of 
the virtual world object, i.e. shoulder, elbow, and wrist joint. Upon receiving a command, the 
avatar changes its joint position, and it can be interfaced with other MATLAB programs that 
produce movement commands. For example, the MATLAB program that produces the red 
sphere trajectory can be interfaced with the avatar program to achieve online control of the 
avatar arm to produce dynamic movements that follow the specified red sphere trajectory in the 
virtual cube (by using parameter mapping provided in Fig. 3.7). A subject can use the virtual 
avatar as a mirror image on the computer screen to practice myoelectric control with control 
signal from biceps. For a right handed subject, the avatar’s right arm posture is the target posture, 
and the subject needs to control the left arm of the avatar to produce a mirror image of avatar’s 





In this research, two studies were pursued to determine whether muscle synergy exists 
in the single multifunction muscle, i.e. biceps brachii and whether the extracted muscle synergy 
can be used to provide control signals for movement production. In the first study, synergy was 
extracted from paired static forearm postures in two different body postures of 10 normal 
subjects. The significant finding from this study was that the synergies were present between 
paired static postures, and classifier trained with synergy features was able to produce a 
classification accuracy of greater than 80%. The result suggests that the synergy features 
extracted from biceps muscle are very robust and could be used to classify paired postures. In 
the second study, the muscle synergy features extracted from biceps muscle were used to 
classify 8 static upper limb postures from 12 normal subjects. The result shows that in a training 
session classification of 5 of the 8 postures was significantly more accurate than classification 
of all the 8 postures. The posture classification was subsequently used as control signals to 
control displacement of a red sphere in a virtual cube to reach targets. The results show that all 
the subjects were able to produce movement of the red sphere with the control algorithm 
presented in this research; however, to move the red sphere to a target in the cube was difficult 
(success rates: 29% for 5 SPs and 24% for 8 SPs) due to a steep learning curve of the interactive 
system. The effectiveness of practice was demonstrated with the results from one subject who 
had many practices with the system. The subject’s results from 5 postures were better than those 
from 8 postures. With very short time of practice (i.e. one hour of familiarization of protocol on 
the day before the experiment), the results from 12 subjects also indicated that success trials 
were more numerous with 5 static postures than those with 8. In this research, the small robot 
manipulator was useful to demonstrate the effectiveness of static posture classifier. 
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7.1. Improvement to the existing method 
In Chapter 4, the paired posture classifications provide evidence that muscle synergies 
can be obtained from the single multifunctional biceps brachii muscle. In Chapter 5, the posture 
classification accuracy needs to be improved in order to increase target reaching performance. 
One approach is to change the training strategy. As suggested by Cunningham and Ghahramani 
(2015), the NMF being nonlinear, the estimated synergy needs to be within the learned feature 
space. NMF being a non-convex optimization, solutions of the algorithm are not unique, and 
many local minima could coexist. Thus, to maintain the classification accuracy, retraining of 
the classifier is necessary when a classifier shows reduced performance. Another approach to 
improve accuracy of the posture classification is to use nonlinear classifiers, such as SVM. This 
classifier considers the nonlinearity of the data distribution and separates effectively different 
classes of data with unequal variance that could lead to misclassification of the MDC used in 
this research. To improve performance, the sparse representation of the classified postures as 
used by Betthauser et al. (2018) should be considered. 
7.2. Comparison with previous research 
Extraction of muscle synergy for myoelectric control was used by Jiang et al. (2009) to 
predict the force produced at hand joints of human subjects. In a subsequent work, Jiang et al. 
(2014) were able to demonstrate that with the proposed muscle synergy extraction method the 
2 DoFs force prediction algorithm was able to effectively produce control in velocity and 
position mode of a virtual arrow displayed on a computer screen. This is different from our 
research where features of muscle synergy were considered as the origin of motion primitives 
associated with static postures. Thus, no matter where the red sphere is located in the virtual 
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cube, when a new static posture is detected by the posture classifier, the red sphere moves toward 
that static posture through position regulator associated with the corresponding motion 
primitive. With an intermittent control, these motion primitives are combined to produce a 
displacement of the red sphere in the virtual cube. With the movement estimation of two DoFs 
of the hand, Ma et al. (2015) used a force prediction method to extract muscle synergy features 
to control a virtual prosthetic hand’s movement with good results. They used visual feedback to 
provide status information of the virtual prosthetic hand, which is similar to what we did to 
move the red sphere toward a target. They extracted a single synergy from a motion primitive 
and then combined the individual movement estimation to predict more complex movements. 
Different from theirs, our synergy extraction is task based, i.e. the synergy was obtained from 
static postures associated with positions of all the 3 arm joints. As for Nielsen et al. (2009), they 
included learning from complex movements to obtain simultaneous and proportional control of 
3 DoFs. While they combined joint movement data to obtain force estimate, our method was to 
classify postures from features of muscular synergy for moving a red sphere based on the 
predefined motion primitive. Muscle activity from multifunctional muscle is not always 
proportional to the amplitude of recorded EMG signals, and this is a problem for the 
implementation of a proportional control (Fougner et al., 2012) with muscle synergy. This is 
why Ma et al. (2015) only tested their algorithm on discrete synergy levels instead of continuous 
ones. 
Rasool et al. (2016) have extracted muscle synergy patterns from forearm muscles with 
a task based objective. Muscular synergy was assumed as a variable to be estimated with Kalman 
filtering from the collected sEMG signals. Thus, to predict the hand movement, they compared 
the similarity between the predicted value of muscle activity and actual value related to a 
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specific task. Instead of considering a single task, our muscle synergy extraction involved data 
from two different static postures of the upper limb. The resulting synergy matrix being shared 
by the two postures in the synergy subspace, they cannot be used to represent the spatial variance 
in the measurement model of the Kalman filter because transition between the two postures is 
not a random walk model. So, our synergy subspace covers the data generated from paired static 
postures, and the synergy coefficients thus extracted were used to classify only the 
corresponding paired static postures. 
7.3. Explanation 
Motor control and motor learning are not the same. In motor control, if the system 
parameters, such as those in the human skeletal and muscle system, are known, different motor 
control behavior can be predicted with a mathematical model. However, for motor learning, it 
is the parameters of the system model that need to be estimated in order to optimize task 
performance. In a simple motor learning task, it is suggested that two factors affect motor 
learning: one is learning factor and the other is forgetting factor (Haith and Krakauer, 2012). To 
learn a task is to learn the system parameter that requires collection of experimental data; in the 
case of human motor learning, it requires practice to assess the system parameter such that a 
change due to neuroplasticity or a completely new strategy adapted in cognitive level produces 
changes in performance level. 
For the interactive program presented in Chapter 5, motor control and motor learning are 
both required to achieve good performance. For the motor control part, muscle synergy is 
considered as a strategy for the CNS to simplify the motor control. In this research, muscle 
synergies were extracted from a single multifunctional muscle, i.e. biceps brachii, while the 
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upper limb of the subject produces 8 static postures all have functional contributions by this 
muscle. A virtual cube with 8 corners associated with 8 static postures was thus developed to 
allow a subject to achieve dynamic motor control of the movement of a virtual sphere via biceps’ 
muscle synergies. In addition to simple tasks, such as those used to reach the corners of the cube 
with a corresponding static posture, specific motor control tasks were also evaluated. These 
specific motor tasks are represented by target positions in the interior of the cube, and sequential 
combinations of simple motor controls, i.e. static postures, were required to complete those 
tasks. Motor learning is quite different from motor control because motor learning is the 
prerequisite for motor control. In other words, to produce motor control, a subject needs to learn 
first how to produce a desired motor control. Like learning any new tasks, such as riding a 
bicycle, playing basketball, etc., a learning period is required for a subject to produce skillful 
tasks. The learning period is used by a subject to adjust the adjustable parameters of their motor 
system to satisfy an optimization criterion, such as energy consumption for a specific motor 
task, error of force levels according to a force reference, etc. Not only a learning period is 
required for a subject to learn how to produce natural limb movement, but also it is required for 
a subject to learn how to control an interactive program, such as the system presented in this 
research. 
With synergy-based motor control, if the target is associated with a learned static posture, 
the target should be less difficult to learn. For targets that require multiple postures as sequential 
commands, a subject need pre-plan the sequential commands; thus, it is more difficult to reach 
interior targets than those that require only a single static posture command. 
The interactive program provides manual commands (i.e. 8 push buttons representing 8 
identified postures) that allow a subject to control the movement of the red sphere to reach all 
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the targets. In the beginning of the experiment, each subject used both 5 and 8 push buttons as 
manual commands to reach all the required targets, and all the subjects obtained very good target 
reaching results. This preliminary test reduced the effects to the results due to the control system 
associated with the interactive program to minimum. 
In this research, the primary concern is the motor control. In other words, how to extract 
control signals from biceps muscle that can move a robotic system to a predefined position in 
order to facilitate control of myoelectric prosthesis. In the future, the motor learning will be 
considered as a strategy to improve the control performance. 
Without any previous myoelectric control experience, performance on target reaching of 
our 12 normal subjects was low because the posture classifier was trained with a winner-takes-
all training method requiring that contraction of the biceps was similar to the one produced 
during the classifier’s training. This was a difficult requirement to meet in a single session, and 
learning capability is not the same for everyone. To learn how to improve control skills, Powell 
and Thakor (2013) and Powell et al. (2014) found that their normal subjects and amputees 
needed multiple training sessions. In our research, an experimenting subject in the laboratory 
got success in over 90% of target reaching trials after many practices. 
The results in the Chapter 6 were obtained by an experimenting subject after many 
practicing sessions with the interactive program. Despite many changes in target position and 
posture combination, consistent results (in terms of success percentage, Table 6.1) were 
obtained. The experimenting subject could have learned to perform well with the interactive 
program after many practicing sessions; however, the evaluation was designed entirely by 
someone else who had not used the interactive program. Thus, the results in Chapter 6 suggest 
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that the interactive program was not biased toward any evaluation tasks. When insensitive 
electrodes were used, large variation of the results was observed. We assume that the large 
variation in the results associated with the change of electrodes was caused by the noise 
contamination to the signal that reduced the discrimination power of the posture classifier. 
Muscle synergy is usually extracted from multiple muscles with electrode attached to 
the surface of those muscles. In this research, synergies were extracted from a single muscle 
that has many compartments. Those compartments are not all located close to the skin, and some 
of those compartments could completely enclosed by other compartments as observed from the 
ultrasound image. When the electrodes were placed on top of the biceps, the measured sEMG 
can be contributed by several compartments of the biceps. This is not in contradiction with the 
conventional method used to extract muscle synergies from multiple muscles where the activity 
of individual muscle is a result of innervation of multiple synergies. Thus, the location of the 
compartments does not affect the extraction of muscle synergy; instead, it is the effect of the 
nerve innervation to all the compartments that produces discriminable patterns on the surface of 
the muscle that can be learned by the posture classification system. 
In Chapter 4, 10 pairs of electrodes were placed across the biceps of all the subjects. To 
avoid the crosstalk effect from other muscles, only the inner 8 pairs, used for synergy extraction, 
gave the representation of biceps’ activity. In both researches presented in Chapter 4 and 5, three 
synergies were used to reconstruct the measured muscle activities. Actually, as the number of 
paired electrodes decreases, the reconstruction accuracy of overall muscle activities, with same 
number of synergies, gets increased. The rational to use three synergies is associated with the 
muscle function. Since the biceps muscle of the upper limb is associated with the shoulder joint 
flexion, elbow flexion, and forearm supination, it is logical to assume that three nerve 
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innervations are contributed to the muscle when the muscle is active. Those nerve innervations 
could all be at rest corresponding to no activity of the muscle, or some nerve innervations occur 
while the muscle is performing a simple (e.g. forearm supination) or a combined (e.g. forearm 
supination and elbow flexion) motor task of the upper limb. 
If the number of pairs of electrodes was to be increased, the VAF values would decrease 
with same number of synergies. In an initial study (He and Mathieu, 2017), 5 sEMG signals 
were used to extract muscle synergy from paired postures of all the available static upper limb 
postures. Results show that 5 sEMG signals were sufficient for synergy extraction and for 
subsequent use of posture classification. 
Crosstalk is caused by the fact that EMG signals recorded from one muscle is interfered 
by the EMG signals from neighboring muscles propagating through the volume conductor. In 
this research, crosstalk is unavoidable at compartment level because the compartments of the 
biceps are packed together. The sEMG is a mixture as a result of multiple signal sources with 
their origins from those biceps compartments. Other than that, the crosstalk could also come 
from other muscles; however, having been compared with the participants with low 
classification results in Chapter 5, several subjects with smaller arm circumference produced 
above average classification results. This suggested that crosstalk from neighboring muscles 
may not be the cause of the low classification performance in certain participants. 
In Chapter 4, the elbow joint was fixed at flexed position, and only forearm static 
postures were investigated (i.e. neutral, pronation, and supination). However, in the following 
research (Chapter 5), larger number of static postures was used. The change of elbow joint from 
extension to flexion could result in upward movement of the innervation zone of the biceps 
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muscle (Merletti and Muceli, 2019). If the electrodes were still placed above the middle portion 
of the biceps, they could pick up signals from the innervation zone, which according to literature 
should be avoid in the EMG measurement. Thus, the electrodes were placed below the middle 
length of the biceps to avoid the innervation zone when elbow was flexed. 
The limitation of this research is that the extraction of muscle synergies does not assume 
that there is mechanical constraint that causes variation of the measured sEMG. In several 
studies about the sEMG of the biceps muscle, position change of the innervation zone was 
observed when the elbow was flexed in comparison with extended condition (Merletti and 
Muceli, 2019). This suggested that the partial changes of measured sEMG are caused by the 
mechanically shortened muscle while the electrodes were at fixed position of the skin surface. 
In the future, the mathematical model for sEMG production can be mitigated with consideration 
of mechanical changes of the muscle that cause the variation in the recorded sEMG. 
Subsequently, variation of muscle synergies can be better explained with the sampled sEMG. 
Other limitations of this research can be divided into two parts. One part is associated 
with the software implementation, and the other is the hardware implementation. Both parts 
affected the results. For the software part, the MDC was used for posture classification. This 
could limit the performance of the posture classifier. In the future research, advanced 
classification algorithms, such as SVM or ANN should be considered to improve the posture 
classification performance. For the hardware part, customized analog circuits were built to 
preprocess the raw sEMG signals, which could limit the classification performance due to the 
circuits prone to noise contamination. In the future, commercially available signal preprocessing 
unit should be considered to reduce the effect of noise related performance deterioration. In this 
research, a laptop computer was used to implement the interactive program with limited CPU 
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and GPU power. Subsequently, delays were introduced to the interactive program. In the future, 
more powerful desktop computers will be used to provide sufficient computational power in 
order to reduce the computational delays caused by the hardware. 
7.4. Application 
In this research, the virtual environment was displayed on a conventional computer 
screen, and subjects interacted with the programs by using sEMG of their biceps. With fast 
development, virtual reality (VR) systems could provide fully immersed 3D experience to 
replace physical environment while augmented reality (AR) systems could be used to enhance 
the virtual experience. Virtual environment was investigated in 3D to study its effect on robot-
assisted therapies in the rehabilitation of upper limb for stroke individuals (Norouzi-Gheidari et 
al., 2019). Those authors found that there was no significant difference when physical or virtual 
environment was used by both healthy and stroke individuals to reach targets with their arm. 
For prosthetic control training, Sharma et al. (2019) have implemented an AR prosthesis 
program to evaluate the performance of prosthetic control, and these authors found that normal 
subjects could improve their manipulation skills after training with AR system. Even without 
expensive goggles, a wide display (above 50 inches) could present an avatar in MATLAB virtual 
environment. If virtual display goggles (e.g. Oculus, VIVE, LENOVO, HoloLens, etc.) become 
available, the enhanced virtual experience could be obtained by using the MATLAB interfacing 
toolbox to stream the 3D signal from MATLAB to virtual display goggles. The VR and AR 
systems do not require significant investment and physical facilities, and their evaluation and 
training results are similar to those of the physical evaluation system. In addition, the simulation 




Muscle synergy is usually extracted from many muscles involved in a given motor task. 
Here, muscle synergy was applied to a single muscle, the biceps brachii, which has 2 heads and 
appears to be composed of up to 6 individually innervated compartments as viewed from its 
inner surface. So, the biceps brachii appears to be a muscle composed of many muscles. With a 
non-negative matrix factorization, three muscle synergies were extracted from 5 sEMG signals 
collected across this muscle when two different static postures of the upper limb contractions 
were paired. With features of muscular synergy extracted from this muscle, it was possible to 
have a good distinction among the 8 tested static postures. These functional muscle synergy 
features were used to support the second hypothesis of this research, i.e. the biceps muscle 
synergy features could be used to provide movement control. The results obtained from 12 
subjects indicate that within a virtual cube, it is possible, with a succession of different static 
postures, to control the displacement of a sphere toward different targets. 
Perfect target reaching results were obtained with 4 static postures by an experienced 
subject in 3 experimental sessions separated by days or months even with insensitive electrodes. 
This suggests that human adaptation and motor learning play a very important factor that limits 
the performance when many control parameters need to be learned in order to interact with a 
new control environment. The consistency of improved performance through multiple practice 
sessions will be investigated in the future research. 
With an improved synergy-based control algorithm and a modern prosthesis available in 
the laboratory, normal subjects and below elbow amputees could then evaluate the performance 
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